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Abstract
Title: The Role of The Top Management Team (TMT) in Orchestrating Big
Data Analytics for Competitive Advantage
Author: Sujatha Rayburn
Advisor: Jignya Patel, Ph.D.

In today's big data era, the recognition of big data analytics (BDA) as a
competitive differentiator is making companies invest heavily in its potential.
However, for most companies, this requires a significant transformation that
needs to be led from the top. Thus, the top management team's (TMT) managerial
resources will be key to how BDA resources and existing BDA ordinary
capabilities are further orchestrated as dynamic capabilities. This study grounded
in the Upper Echelons theory, the Dynamic Managerial Capabilities (DMC), and
Resource Orchestration frameworks sought to understand the impact of the
managerial resources of cognition, human and social capital on the BDA
orchestration processes of restructuring and reconfiguring/redeploying and how
those processes, in turn, drive competitive advantage. The study results showed
that the TMT managerial resources impact, albeit with varying effects, the BDA
orchestration processes of restructuring and reconfiguring/redeploying. The study
results also demonstrated that reconfiguring/redeploying plays a significant
mediating role in driving competitive advantage from restructuring. Moreover,
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environmental dynamism positively moderates the reconfiguring/redeploying,
competitive advantage relationship.
Keywords: big data, big data analytics, top management team, dynamic
managerial capabilities, resource orchestration, upper echelons theory, ordinary
capabilities, dynamic capabilities, environmental dynamism, multi-method,
managerial cognition, human capital, social capital, structuring, configuring,
deploying, competitive advantage
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Chapter 1 – Introduction
Overview
Big data analytics (BDA) has come to occupy a significant role in becoming
a major competitive differentiator for companies (Abbasi, Sarker & Chiang, 2016).
Data-driven digital-natives are leading the successful adoption of BDA by using it
as a source of innovation to create data-centric business models and innovative
products and services (Ransbotham & Kiron, 2017). These data-savvy companies
have highly evolved data analytics capabilities that intrinsically allow them to
derive greater economic value from their data assets (Gandhi et al., 2018).
Traditional companies, on the other hand, often struggle to transform into
data-driven businesses. However, these companies, motivated either by a fear of
disruption or the pressures of unfounded hype, are following suit by significantly
increasing the pace of their BDA investments with the hope of accelerating
business transformation and agility (Davenport & Bean, 2018; Heudecker & Hare,
2016; New Vantage Partners LLC, 2019). The result is clear - BDA is profoundly
and radically changing businesses and industries. The good news is that companies
that can strategically align their businesses around the opportunities BDA can
provide them stand to gain tremendous competitive advantage (Hirt & Willmott,
2014; Mikalef et al., 2017). The bad news is that it requires a revolution of sorts for
companies to unleash the powerful transformation that can occur with BDA. For
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traditional companies, this transformation is not trivial and will require a
metamorphosis that could have wide-ranging implications for a company's business
model, culture, portfolio mix, and value proposition (Diaz, Rowshankish, & Saleh,
2018). The stakes are high, and the top management team (TMT) must lead the
way by creating an enterprise-wide view of the opportunities and clearly
articulating why BDA matters (Chin et al., 2017).
BDA is generally understood to be a "new generation of technologies and
architectures designed to economically extract value from huge volumes of a wide
variety of data by enabling high-velocity capture, discovery, and analysis"
(Cavanillas, Curry, & Wahlster, 2016, pp. 31). To clarify further, some scholars use
the term BDA to emphasize the process and tools used to extract big data insights.
That is, BDA encompasses not only the entity upon which analysis is performed,
i.e., the data, but also elements of tools, infrastructure, and means of visualizing
and presenting insight (Kwon, Lee, & Shin, 2014; Lamba & Dubey, 2015;).
Companies are using BDA to draw real-time insights into opportunities and threats
and to navigate their way in a fast-paced, hyper-competitive environment (Chen,
Preston, & Swink, 2016). The vast amount of data is argued to be an important
enabler of value creation for organizations (Gandomi & Haider, 2015). The
'newness' of data that decision-makers can collect and the capacity to analyze these
data-streams is an important factor in improving business agility and enabling realtime decision-making and actions (White, 2011; Boyd & Crawford, 2012). The
2

sheer variety of the data in terms of the plurality of structured and unstructured data
sources that include text, audio, images, video, networks, and graphics helps firms
derive insights from hitherto unconventional sources (Constantiou & Kallinikos,
2015; George et al., 2016).
Despite the potential for data analytics to be a game-changer for many
companies, and while many companies are investing in BDA usage, only about
15% of firms deployed BDA projects in a production environment (Ghasemaghaei,
2018). In a 2016 survey of 199 technology executives, Gartner found that many
companies had struggled to obtain insights that can make real differences, despite
the fact that 48% of surveyed firms invested in big data projects in 2016, warning
that the big data bubble could be about to burst (Heudecker & Hare, 2016). These
concerns induce firms to rethink their big data strategies to have a stronger focus on
the value-creating power and return on investment of big data initiatives. The focus
is shifting from the glamour of big data itself to how it impacts specific business
areas and metrics (Heudecker & Hare, 2016). In a 2019 Big Data and Artificial
Intelligence (A.I.) survey conducted by New Vantage Partners with the
participation of 65 leading Fortune 1000 C-Executives (TMT), 97.2% of the TMT
stated their firms were investing in Big Data and A.I. initiatives as they sought to
become nimble data-driven businesses. 77% of the same executives reported that
business adoption of Big Data and A.I. initiatives remains a major challenge with
the TMT citing various factors, most of which hearken back to organizational
3

alignment, agility, resistance, and other cultural challenges (New Vantage Partners
LLC, 2019). Another recent McKinsey Global survey identified that companies
were experiencing mixed success in meeting their analytics objectives primarily
because of poor TMT support and communication, ill-fitting organizational
structures, and troubles finding (and retaining) the right people for the job
(McKinsey & Company, 2016). Companies with a top-down mandate for factdriven decision-making for all employees experience gains with analytics to a far
greater extent than other organizations (Kiron et al., 2014).
Although research on big data has received increasing attention in the past
few years, research on big data's strategic business value remains scarce (Grover et
al., 2018). Current research in BDA focuses on strategy-driven BDA capabilities
and the mechanisms through which competitive performance gains are realized
(LaValle et al., 2011). Even here, the bulk of the effort centers on defining the
building blocks of a firm's BDA capability. In other words, literature has been very
detailed on the resource-picking aspect of BDA, but less so on the activities that
need to be put into place to derive value from the capability (Mikalef et al., 2020).
We are very much in the early stages of understanding the BDA value equation. A
pivotal question related to BDA that remains unsatisfactorily answered currently is
how to create strategic value that translates to competitive advantage and can be
measured by superior firm performance (Grover et al., 2018).
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As BDA is gaining traction as a source of competitive advantage, the vast
majority of the studies in BDA draw upon the resource-based view and the I.T.
capability literature to define how companies draw upon various technical and
human firm resources to create BDA capabilities that provide business value (Akter
et al., 2016, Gupta & George, 2016; Wamba et al., 2017). While these perspectives
are valuable, they ignore the broader organizational and environmental context that
include complementary resources and capabilities that simultaneously contribute to
business value creation from BDA such as other I.T. capabilities, organizational
culture, data governance, etc. and more importantly, the orchestration and
leveraging of these capabilities in concert with firm strategy and the role of the
manager, especially top managers, in the orchestration process (Adner & Helfat,
2003; Helfat et al., 2007; Sirmon, Hitt, & Ireland, 2007). To find their path,
companies need to not only shore up their technical capabilities but also find ways
to innovate with analytics at the firm-level. A key ingredient herein is an analyticsculture that has much to do with analytics success (Kiron, Prentice, & Ferguson,
2014). The development of an effective analytics culture requires a change in how
companies think and operate, and such a transition cannot be undertaken without
the TMT pressure.
Becoming an analytics-driven organization is a complex and multifaceted
task and necessitates attention from all managers, specifically the TMT. As the
power of data and analytics profoundly alters the business terrain, accountability
5

cannot be the sole responsibility of the CIO or the CEO. It requires a deep
understanding of the business and the TMT's expertise, the managers at the top of
the firm, to lead the way in accelerating change and ensuring smart investments
(Chin et al., 2017). Top-management must exercise its muscle to identify datarelated opportunities to improve revenues and boost productivity. For example,
while the CIO may understand the technologies needed to support a BDA
capability, it will require other TMT members expertise to spot opportunities and
threats or have enough influence to ensure that the firm develops an appropriate
response (Chin et al., 2017). By making investments in an experimentation culture
and the learnings from those experiments, top managers can dynamically change
their companies' destinies (Davenport & Harris, 2007; Kiron et al., 2014). For this
to occur, like with any other initiative that requires strategic change, the TMT will
need to champion and lead the orchestration of key firm-wide BDA resources and
capabilities to implement BDA solutions that provide a competitive
advantage. Without extra executive horsepower, stoking the momentum of BDA
will be difficult for many organizations (Brown, Court, & Willmott, 2013).
This research explores how the TMT orchestrates BDA to sustain its
competitive advantage by exercising its dynamic managerial capabilities (DMC).
DMCs are capabilities that help managers create, extend, and modify the ways
companies pursue competitive advantage (Helfat & Martin, 2015). One such way is
through BDA re-orchestration. The research explores the TMT's role in explaining
6

how the quality of TMT and the managerial decisions they make related to the
orchestration of BDA plays a significant role in a firm's ability to gain a
competitive advantage.
Per Hambrick & Mason (1984), "Organizational outcomes-both strategies
and effectiveness-are viewed as reflections of the values and cognitive bases of
powerful actors in the organization. It is expected that, to some extent, such
linkages can be detected empirically" (p. 193). Accordingly, this research will
empirically explore how the TMT's BDA re-orchestration capabilities reflect its
collective worldview, experiences, personalities, or values. The strength of these
managerial capabilities will determine a firm's ability to gain a significant
competitive advantage from BDA. From a practical standpoint, this research aims
to provide valuable insights for companies with respect to the TMT characteristics
and competencies that are particularly relevant when leveraging BDA for
competitive advantage. Such insights can potentially help companies in two ways:
(1) identify the right kind of TMT characteristics that can lead to successful firm
outcomes through BDA re-orchestration, and (2) emphasize the strategies and
behaviors that will allow companies to orchestrate their BDA capabilities and
resources to sustain competitive advantage.

The Rationale for the Study
The manager's role, particularly top managers, has been discussed and
examined in the strategic management literature. In her seminal work, Penrose
7

highlighted the critical role managers play in determining a firm’s growth rate
(Penrose, 1959). Hansen, Perry, & Reese (2004) concluded that "what a firm does
with its resources is at least as important as which resources it possesses." (Hansen
et al., 2004, p. 1280). Using this cue, researchers added to the literature on the
resource-based view (RBV) and dynamic capabilities to focus on managers' roles in
orchestrating a firm's resources and capabilities for competitive advantage (Sirmon
et al., 2010; Helfat et al., 2007). Both the resource management and the asset
orchestration frameworks place the manager front and center of actions and
behaviors related to resource orchestration processes (Adner & Helfat, 2003;
Sirmon et al., 2007). Herein, researchers explicitly posited that the managerial
focus has shifted towards a role in the "building, integration, and reconfiguration of
organizational resources and capabilities " (Adner & Helfat, 2003, p.1012).
Differences in these managerial decisions across firms and over time explain much
regarding why firms vary in their financial performance (Beck & Wiersema, 2013).
Although this research does not explicitly specify the manager's level, the role of
top managers as the principal architects of firm strategy, and the creators of bold
plans to gain/regain competitive advantage through major changes in the
composition of the firm's resource portfolio, as well as the orchestration and
application of those resources in particular markets is in little doubt (Beck &
Wiersema, 2013; Sirmon et al., 2011). In the BDA context, according to a
McKinsey 2016 survey, though company leaders are making investments in
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analytics and leading the digital agenda, they tend to be less involved in analytics
efforts (McKinsey & Company, 2016).
Furthermore, even when they are involved, they are not communicating a
clear vision for BDA within their companies (McKinsey & Company, 2016).
Therefore, it is no surprise that only 86% of executives say their organizations have
been only somewhat effective at meeting their BDA program objectives (McKinsey
& Company, 2016). Despite the hype around BDA, there is still a lot that is
unknown about the factors that impact companies' ability to get the most out of
BDA. This existing gap merits exploration.
According to the Upper Echelons' theory, one must consider the collective
beliefs, worldviews, and dispositions of its top executives to understand firm
actions and performance (Hambrick, 2007). The TMT influences unit-level
managers' strategic choices by orchestrating the organizational context, formal
structure, and systems (Prahalad & Bettis, 1986). Companies' prevailing ideologies
and principles, known as their dominant logic, will require a significant revision
when embarking upon a strategic change such as BDA (Prahalad & Bettis, 1986;
Chopra, 2019). The TMT may insist on investing in BDA, despite beliefs that their
own intuition in decision-making is more accurate than the analysis performed on
big datasets. This conflicting view of TMT beliefs and BDA capabilities is
emblematic of why some companies fail to derive value from their BDA
investments. (Mikalef et al., 2020).
9

The onus of transforming their companies into analytics-driven
organizations primarily falls on the TMT. It starts with intrinsically understanding
the potential value of data-driven insights and helping the rest of the company
change the way it operates (Dykes, 2019). However, the TMT cannot simply
mandate a BDA conversion. Rather, they will have to lead the way by inspiring
employees to adopt new ways (the inspiration challenge), to unlearn old
assumptions (the unlearning challenge), and to internalize the changes (Maguire,
2018). This transformation requires a TMT with the right set of collective values,
experience, and cohesion to convert their company's potential into successful
outcomes (Hambrick, 2007). Shifting to this company-wide BDA mindset is
particularly relevant considering the current hype surrounding analytic advantages,
whereby many businesses succumb to mimetic pressures and invest in these
capabilities out of the fear of losing pace in a hyper-competitive marketplace.
Substantial competitive advantage will erode unless the TMT can work together to
create and implement a BDA strategy, sharing both their expertise and resources
under their control, to reconfigure assets in novel ways in the pursuit of potential
business opportunities (Martin, 2011). By embracing the idea that data is core to
the business, a TMT committed to a transformative analytics-driven strategy will
readily sense and seize opportunities and reconfigure its resource base. Only when
the top-level perspective is in place can permanent behavioral changes radiate
through the organization (Brown et al., 2013).
10

Prominent scholars have articulated the importance of the effective
management of resources to drive successful firm outcomes and have stated that
innovation happens through capabilities that involve the recombining of firm
resources and capabilities in new ways (Adner & Helfat, 2003; Helfat et al., 2007;
Sirmon et al., 2007; Sirmon et al., 2011; Teece et al., 2008). Referred to as dynamic
capabilities, these capabilities involve creating, extending, protecting, and
maintaining relevant, unique assets for an organization (Teece, Pisano, & Shuen,
2008). An extension of this concept is DMCs, which involve actions that build,
integrate, and reconfigure organizational resources and capabilities (Adner &
Helfat, 2003). These capabilities are the culmination of managers' decisions and
actions (Helfat et al., 2007; Sirmon et al., 2011). Asset orchestration consists of two
main processes that managers lead (1) search/selection of investments in critical
BDA assets and processes, designing of organizational and governance structures,
and finally, the creation of business models for their effective use and (2)
configuration/deployment of BDA by coordinating and integrating complementary
assets in a manner that creates synergy and lead to greater value (Sirmon et al.,
2007).

Problem Statement
Today's business is unlikely to survive in a volatile and complex economy
without the predictive and prescriptive insights that advanced analytics can provide
(McKinsey & Company, 2016). Researchers have noted that the pathways to value
11

generation from BDA are still poorly understood and remain a conundrum in
search of a solution given the deluge of data and heavy BDA investments (Grover
et al., 2018; Mikalef et al., 2020; Müller et al., 2018). Organizations that hew too
closely to traditional operating modes are being attacked by their digital, datadriven equivalents and will be constrained by their ability to retain a competitive
advantage unless they rethink their operating models (Iansiti & Lakhani, 2020). In
contrast, those that can use BDA to drive value creation by combining /
recombining capabilities in innovative ways will drive tremendous competitive
advantage by effectively leveraging BDA-infused dynamic capabilities.
Ransbotham & Kiron (2017) contend there is a dire need to understand these
mechanisms.
According to a recent 2016 McKinsey survey, respondents stated that some
of the biggest qualitative differences between high- and low-performing companies
relate to analytics activities' leadership and organization. High-performers state
TMT involvement as the factor that has contributed the most to their analytics
success (McKinsey & Company, 2016). However, the literature in this area is
presently non-existent. As stated earlier, dynamic capabilities drive product and
process innovation through unique managerial orchestration processes embedded in
a change-oriented organizational culture and a prescient assessment of the business
environment and technological opportunities (Teece, 2014). However, strong
dynamic capabilities are impossible without strong leadership from the TMT
12

(Teece, 2018; Schoemaker et al., 2018). Strong executive action or lack thereof,
particularly in the context of emerging technologies and capabilities that have the
potential to drive strategic change, is grounded in the collective experiences,
personalities, and values of its executives and, depending on the analytic
orientation of the TMT, could either lead to competitive advantage through BDA or
mere competitive parity. Frequently, top managers' emotional and cognitive biases
may lead them to overlook BDA insights. These automatic reflexive systems
inherent in top managers and bounded rationality can significantly affect BDA's
value, especially when top managers distrust the data. (Mikalef et al., 2020).
Organizational strategy and tactics must be viewed through the cognitive biases and
inclinations of its power base – the TMT (Hambrick, 2007). Top managers, through
the expression of their DMCs, can affect BDA orchestration to sense, seize, and
exploit new and profitable configurations of their competences and assets
(Schoemaker et al., 2018). DMCs influence how to reconfigure their asset bases
and explain managerial decision-making differences (Adner & Helfat, 2003).
Meanwhile, prominent scholars have urged more hypothesizing and testing
about what this leadership looks like with new emerging technologies such as
BDA, especially in changing markets (Conger, 2004). The study of managers' role
(including the TMT) and their contributions towards favorable firm outcomes
through BDA has been ignored and is a well-recognized gap in the literature
(Mikalef et al., 2020; Papadopoulos et al., 2017). Perhaps the biggest areas of
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influence and impact in a BDA context are harnessing and orchestration of tangible
and intangible resources and capabilities in driving forth an analytics-driven
organization. This aspect has been given short shrift in the literature (Sirmon et al.,
2011). Failure to leverage data effectively can be counteracted by a shift in TMT's
role in governing key information assets (Posavec & Krajnovic, 2016). The actions
of TMT in data-driven organizations will be characterized by restructuring BDA
investments, reconfiguring/redeploying BDA capabilities.

Research Questions
This research will explore the existing gap in the literature that considers
the TMT's role in driving competitive advantage through BDA re-orchestration.
Drawing on the upper echelons' theory, resource orchestration, and the DMC
frameworks, this research explores the direct relationship between the TMT's
underlying managerial resources that manifest in BDA orchestration managerial
capabilities that in turn impact competitive advantage. Therefore, the purpose of
this research is to theoretically understand and empirically investigate the
overarching mechanisms through which TMT creates a competitive advantage for
the firm using BDA orchestration. Thus, the primary research questions guiding
this study are as follows: RQ1. How do the TMT managerial resources of cognition, human and social
capital impact the orchestration of BDA?
14

RQ2. What role does BDA orchestration play in creating a competitive
advantage?
The above overarching questions will be explored with several hypotheses.

Significance of the Study
As data assets explode, organizations have a unique opportunity to create
new value by harnessing BDA for more efficient processes, enhanced customer
experiences, and new value propositions. Serious growth and value companies
have a TMT committed to BDA as an engine to drive competitive advantage
(Schrage, 2016). But first, firms need a fundamental paradigm shift – one that can
be propelled only by a TMT that understands the value of BDA and is fully
invested in innovating with its data assets for the long haul. Thus, given the novelty
of BDA implementations in most traditional organizations, exploring the potential
utility and role of TMT in driving competitive advantage from BDA is pertinent for
the times.
Theoretical Significance
BDA research is still developing, and most of the literature has focused on
defining the building blocks of a firm's BDA capability but has, to date, offered
little insight into the processes that are necessary to orchestrate BDA dynamic
capabilities. In other words, BDA Re-orchestration processes remain a gap in the
literature and merits serious study (Kamioka & Tapanainen, 2014; Lamba &
Dubey, 2015; Olszak, 2016). BDA-related literature reviews have also highlighted
15

the limited studies on the manager's role as a potential research gap (Mikalef et al.,
2020; Grover et al., 2018). Prior I.T. literature has demonstrated that competence in
managing resources is required to leverage resources strategically (Cragg, Caldeira,
& Ward, 2011; Wang et al., 2019). Also, companies with ostensibly similar levels
of BDA capabilities may develop them in distinct, path-dependent ways that are
dependent on unique managerial characteristics (Mikalef et al., 2015). One such
factor is the TMT's DMCs drawn from their collective cognition, human capital,
and social capital strength (Adner & Helfat, 2003). Top managers play a critical
role in recognizing opportunities, making investment choices, designing
appropriate business models, and orchestrating resources to improve efficiencies
and appropriate returns from innovation (Augier & Teece, 2009). In the big data
age, insights-driven strategic planning to sense, seize, and exploit the right
opportunities derived from BDA insights is critical and will require a high level of
TMT involvement to transform their companies into data-driven organizations.
This research will fill a known process gap in the literature by offering empirical
insight into how TMT capabilities translate into effective BDA resource
orchestration (Mikalef et al., 2020). This research also adds to the body of
literature on DMCs and resource orchestration (Mikalef et al., 2020) by directly
examining the role of the top management's cognition, human and social capital
resources in driving BDA resource orchestration DMCs.
This research will add to the existing BDA literature with potential utility
16

for all firms serious about putting their BDA assets to competitive use by
explicating the role played by the cognitive, human, and social capital caliber of the
TMT in developing BDA DMCs that drive competitive advantage (Chadwick et al.,
2013; Prajogo and Olhager, 2012). The extant literature has studied and expounded
on the contingent role of environmental dynamism in a resource orchestration
context, while other papers have examined its role in the I.T. or BDA usage context
(Chen, Preston, & Swink, 2015; Sirmon et al., 2011; Wang et al., 2012;). However,
the role and significance of environmental dynamism in the BDA orchestration
competitive advantage nexus is yet to be explored. This research will directly
provide a theory-based understanding and guidance regarding the role of
environmental dynamism in the BDA-competitive advantage context.
Practical Significance
For companies serious about exploiting data analytics potential, this study
will offer insights into what characteristics are key in a TMT to drive maximum
value from BDA and how TMT composition changes could potentially impact
BDA value generation. Getting clear answers to these questions can help inform
TMT staffing strategies that can be deployed to balance the characteristics of the
TMT to take full advantage of BDA. Moreover, for companies wishing to embark
on or alter their BDA journey, the research will provide practical insight into the
processes and mechanisms via which the TMT can lead the way for companies to
capitalize on BDA. By building an analytics strategy equipped to take advantage of
17

BDA insights opportunities, the TMT can invest in experimentation at scale and
facilitate organizational learning. This study will demonstrate how an empowered
TMT is vital to breaking down the institutional barriers that frequently hamper
efforts to supercharge strategic decisions through data analytics. By focusing on the
importance of mobilizing and deploying resources successfully through a firm-wide
engagement of a diverse group of managers and encouraging alignment and
coordination across a wide phalanx of I.T., business-lines, functional areas,
analytics, and technical experts, this study will show businesses what it takes to
drive competitive advantage from BDA and more importantly the critical role of
the TMT in that process.
Finally, by seeking to empirically recognize, by properly testing the
hypothetical connections and theories at the nexus of upper echelons', DMCs,
resource orchestration, and BDA, these findings will help create a more nuanced
understanding of how companies can drive competitive advantage to include the
realities of this new phenomenon in an increasingly digital business environment.

Organization of the Remainder of the Study
Chapter 1 introduces the background of the problem, study purpose,
research questions, operational definitions, and study scope. Chapter 2 reviews key
constructs and literature drawn from various vantage points relevant to this
research, including upper echelons, DMCs, and resource orchestration theories. The
chapter will then include a thematic synthesis of research at the intersection of
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BDA, DMCs, the TMT's role, and resource orchestration. It concludes with the
research model and hypotheses development. Chapter 3 contains the study's
research methodology with detailed research design, population, sampling
procedures, data collection, and analysis processes. Chapter 4 contains the findings
and presents the results of this research study, while Chapter 5 discusses the
scholarly and practical implications of the findings with recommendations for
future study.
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Chapter 2 - Literature Review
Overview
To date, the extant scholarly literature in BDA has mostly focused on the
technical aspects of big data (Mikalef et al., 2020). As with any novel technology,
researchers have urged more attention to be paid to the organizational changes
that BDA entails, especially related to drivers of business value. Gaining a
nuanced understanding of all the processes and mechanisms in BDA can help
companies develop the adaptations necessary to drive competitive advantage.
Furthermore, orchestration of BDA resources and how they should be
incorporated into strategy and operations thinking remains an underdeveloped
research area (Gupta & George, 2016). This study explores the existing gap in the
literature regarding the TMT's role in driving competitive advantage through
BDA DMCs. Although DMCs have been theoretically examined, only a few
studies have empirically measured them, and none have examined resource
orchestration as a dynamic management capability rooted in the TMT.
This chapter commences with a review of the various theories and
frameworks that foundationally undergird this research – i.e., the Upper Echelons'
theory, DMCs, and resource orchestration framework. A detailed review of the
relevant and current empirical research literature at the intersection of the various
constructs provides further context and perspective, while a final synthesis of the
literature provides a firm basis and rationale for this research. The chapter
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concludes with a detailed discussion of the research model and hypotheses.

Overarching Theoretical Framework
The relevant models, theories, and frameworks of this research rest on a
foundational truism that managerial decision-making, action, and organization lie
at the heart of a firm's ability to drive competitive advantage, which should hold
true within the BDA context (Beck & Wiersema, 2013). Although decisions made
at all levels of the firm will influence the resource portfolio (Martin, 2011), the
primary influence is exerted by the TMT (Beck & Wiersema, 2013). Thus, a
fundamental assumption at the heart of this research is that even though a firm
may already possess some level of BDA capabilities, the managerial capabilities
of its TMT is what enables it to derive higher business value by allowing it to
rapidly evolve its strategy (Mikalef, 2020; Teece, 2018).
The manager's role is assumed in the current BDA scholarly literature.
There are no studies that shed light on the managerial characteristics and
competencies needed to ensure optimal organizational outcomes from BDA.
Although BDA is more than its technology components, if we were to construe
BDA as the latest technological innovation, the I.T. literature has firmly
established that it is not I.T. that provides the value (Benitez-Amado and
Walczuch 2012; Popovič et al., 2018). Rather, business gains a comparative
advantage when I.T. capabilities are combined with the organizational resources
and capabilities to form capability configurations (Barua, Kriebel, &
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Mukhopadhyay, 1995). A key driver of superior capability configurations is TMT
support and leadership (López-Munoz & Escribá-Esteve, 2017). Organizations
reflect their top managers, and their strategic course and outcomes can often be
predicted by the values, background, and cognitive biases of its upper echelon
(Hambrick & Mason, 1984). Thus, this research focuses on the managerial
contributions of the TMT in driving competitive advantage from BDA (Teece,
2007). The research uses a synthesis of Upper Echelons theory, DMCs, and the
resource orchestration frameworks and literature to hypothesize how top
managers construct and deploy their BDA assets to sense, seize, integrate and
reconfigure BDA and other cospecialized organizational assets capabilities to
drive competitive advantage. The study also hypothesizes that the degree of
competitive advantage gained from DMC will depend on environmental
dynamism.

Upper Echelons Theory
Theory Synopsis
The Upper Echelons theory, at its core, states that, in general, the
observable characteristics of the top executives, such as demographic indicators,
values, and belief systems, at least partially predict organizational outcomes
(López-Munoz & Escribá-Esteve, 2017). Fundamentally, the theory states that 1)
the team's collective values and knowledge bases drive strategic decisions 2) these
values and knowledge bases are a derivative of their training and body of
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experience, and 3) there is a direct tie between firm results and TMT
characteristics (Carpenter, Geletkanycz, & Sanders, 2004). The theory is rooted
in the behavioral theory of the firm, which argues that managers suffer from the
natural limitations of human beings and often do not make rational decisions for
reasons ranging from bounded rationality to the appeal of native preferences and
biases (Cyert & March, 2013).
The conceptual and empirical studies reviewed for this thesis were
obtained by searching for the relevant terms such as "Upper Echelons theory" or
Upper Echelons" or "top management team." The search involved using the
database Business Source Complete, which is considered the most comprehensive
database for business publications, with more than 1,300 academic journals, and it
is updated daily. More than 500 scholarly (peer-reviewed) journal articles that
appeared on Upper Echelon's Theory in the last twenty years were examined,
emphasizing top academic quality literature. A synopsis of the findings of major
empirical studies is presented below.
Upper Echelons Theory Empirical Literature
There is enough evidence from past studies that show that TMT
demography impacts strategy in various ways (e.g., business and corporate
strategy) irrespective of geographic boundaries, firm age, size. The research also
suggests that emergent strategic decision issues, e.g., BDA, outside the realm of
executives' prior experience are equally impacted by TMT background and
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values. However, the research is also clear that there are intervening mechanisms
rather than simple, straightforward demographic effects on firm performance
(Smith et al., 1994). Clearly, the various mechanisms and processes by which
executives impact firms are important (Carpenter, Geletkanycz & Sanders, 2004).
Overall, research has primarily looked at the relationship between the top team
and firm outcomes in three ways 1) examining observable characteristics, 2)
underlying characteristics, and 3) interactions.
The research on observable characteristics has established the significance
of the top team members' background, experience, qualifications and, connections
influence strategic outcomes such as change, strategy, and performance (Beckman
& Burton, 2008; Souitaris et al., 2012). While the study results have been
generally positive, the studies measure demographics and heterogeneity
differently, leading to ambiguous findings. Furthermore, meta-analyses that
incorporated diversity measures with other top team process measures found
equivocal results (Amason, Shrader, and Tompson, 2006; Foo, Sin, and Yiong,
2006; Hmieleski and Ensley, 2007; Kor, 2003), perhaps due to different
dimensions of diversity. Nevertheless, many of these studies did find a significant
relationship between different measures of diversity (functional, educational,
nationality, and gender) and firm outcomes such as firm performance, R&D
intensity, and innovation (Carpenter, Geletkanycz, & Sanders, 2004; Nielsen &
Nielsen, 2013).
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The research on TMT's underlying characteristics, such as their
psychological characteristics and firm outcomes, consists of very few studies.
However, these studies show interesting connections between TMT confidence,
emotions, and values on the one hand and strategic decision processes and firm
outcomes on the other (Bromiley & Rau, 2015). Most of the studies that have
examined top team interactions have focused on communication and conflict and
have noted that top team observable characteristics and top team diversity lead to
cognitive and affective conflict. For example, De Wit, Greer & Jehn (2012) did a
meta-analysis that noted that relationship and process conflict negatively affected
top team performance. In contrast, task conflict had a positive influence on top
team performance.
Yet another study took a skills perspective by examining nine managerial
skills of the firm's TMT (persuasiveness, administrative ability, fluency in speaking,
knowledge about group tasks, diplomacy and tact, social skills, creativity,
conceptual skills, and cleverness) have on the performance of industrial firms (a
weighted average of seven performance measures). The study found that while the
TMT's intellectual abilities and human resources skills are important to firm
performance, the TMT's human resources skills have a larger effect on firm
performance than its intellectual abilities (Carmeli, Schaubroeck & Tishler, 2011).
Studies that looked at behavioral integration noted that the research
indicates that behavioral integration positively influences firm ambidexterity,
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increases employee job satisfaction, and reduces turnover (Lubatkin et al., 2006).
In terms of cognitive influences, research has noted that there are many
interactions between cognitive and social/behavioral influences, and especially in
the case of demographic diversity, certain behaviors such as collaboration and
information exchange are key for successful outcomes (Boone & Hendriks, 2009;
Kilduff, Angelmar, & Mehra, 2000; Wei & Wu, 2013). Finally, a recent study
used an Upper Echelons lens to look at the role of top managers' human and social
capital on business model innovation and found that both human capital
(representing managerial skills and entrepreneurial skills) and social capital
(representing managerial ties) are related to business model innovation positively
(Guo, Zhao, & Tang, 2013).

Upper Echelons Theory and BDA
Perhaps since BDA is still a relatively new topic for researchers, only a
few studies in the scholarly literature have explored the role of the TMT and big
data through an Upper Echelons Theory or other theoretical lenses. One recent
study that stands out examined the role of top management support in BDA usage
and found that the TMT played a critical role in deploying strategic BDA
diffusion in the supply chain management environment (Chen et al., 2015). The
researchers found that through the championing and promoting of BDA usage by
acting as a change agent of organizational norms, values, and cultures, they
enabled the rest of the organization to adapt to the new technology. TMT support
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was particularly important for establishing protocols around how various
functional groups would leverage a copious amount of potentially ambiguous data
(Chen et al., 2015). Another tangential study conducted in 2017 presented a
conceptual model for how front-level employees need the most current market
and customer information derived from BDA to feel empowered, especially in
high contact big data-driven services. Employees can feel empowered only when
there is cascading information sharing from the insights extracted by the Upper
Echelons of the management and could be the key differentiator (Motamarri,
Akter, & Yanamandram, 2017). Analytics expertise and a deep penchant for
analytics-driven decision-making within the TMT are necessary for a data-driven
culture to develop pervasively through the rest of the organization. Seasoning and
experience in BDA with a deep understanding of the data sets, proper research
design, and knowledge of appropriate analytical techniques can be imperative for
the effective leveraging of BDA (Feinzig & Guenole, 2020).
Current Gaps in Upper Echelons Theory
Scholars have directed future researchers to examine the TMT proclivities
for intuitive or analytical decision-making. The effectiveness of fact-based
decision-making depends on education, learning, and experience. Future research
could examine the relations among TMT experience or tenure, TMT cognitive
style, and decision-making speed and quality, all of which are germane to the
research (Bromiley & Rau, 2016). Other scholars have urged researchers to
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explore the moderation effects of external environmental characteristics between
TMT composition and processes (Yamak et al., 2013). The relationship between
the impact of TMT values, behaviors, and perceptions on performance has been
studied, while competitive advantage remains an empirical gap.

Dynamic Managerial Capabilities (DMC)
Theory Synopsis
Just as the dynamic capabilities perspective coalesces around a singular
focus on strategic change, the DMCs concept, introduced by Adner & Helfat
(2003), stresses managerial impact on strategic change and, in doing so, augments
the resource-based literature on managerial resources (Castanias & Helfat, 1991,
2001) and provides a broad lens to study and understand the role of managers in
impacting strategic change. The DMC concept is thus conceptually analogous to
dynamic capabilities (Adner & Helfat, 2003) because it involves understanding
individuals' capacities or teams of managers. The concept explicitly links
heterogeneity in managerial capabilities to heterogeneity in firm performance
under conditions of change (Helfat & Martin, 2015). The concept first emerged in
2003 and was defined as the capabilities that managers use to create, integrate,
and reconfigure organizational resources and competences" (Adner & Helfat,
2003) as well as extend/reconfigure firm resources (Helfat et al., 2007). DMCs
have certain defining characteristics such as the fact that they always have a
defined purpose (e.g., resource orchestration for BDA), recognizable outcomes
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(e.g., assets reconfigured for firm-wide BDA value realization), and the support
for patterned behavior and activity such as firm-wide BDA skills development
and data literacy (Helfat & Martin, 2015). Functionally, DMC involves "resource
orchestration" or the search for resources, and after that, the selection, investment,
reconfiguration, and deployment. Thus, resource orchestration creates value
through the development and bundling of assets that affect firms' abilities to adapt
to changing conditions in their industry environments (Sirmon & Hitt, 2009).
Likewise, Augier and Teece (2009) highlight managerial discretion in formulating
and implementing rapid responses to technological and market changes" and
reiterate "the role of individual executives in applying their creativity and
innovation to sensing and seizing opportunities. These capabilities are critical for
firm ambidexterity and emphasize the role senior managers assume in ensuring
learning, integration, and, when required, reconfiguration and transformation for
the purpose of sensing and seizing opportunities as markets evolve" (O'Reilly and
Tushman, 2008). DMCs have also been closely associated with entrepreneurship
as it is entrepreneurial managers who create markets and orchestrate resources
(Teece, 2012; Zahra, Sapienza, & Davidsson, 2006).
DMC Resources
The enactment of DMCs depends upon a set of underlying managerial
resources, namely managerial cognition, social capital, and human capital (Adner
& Helfat, 2003). These resources form the basis of managerial intent, decision
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making, and strategic action (Martin, 2011). Managerial cognition refers to belief
systems, mental processes, and other knowledge structures representing the
information managers draw from to make decisions that influence their choices
and actions and their ability to reason and problem-solve and communicate
(Helfat & Martin, 2015). It is generally understood that managers with previous
experience in multiple contexts and changing circumstances are more likely to
have a superior ability to pivot and adapt to different contexts (Gary, Wood, &
Pillinger, 2012). Managerial social capital pertains to the goodwill derived from
intra and inter-organization relationships that managers exploit to obtain resources
and information critical for sensing, seizing, and reconfiguring/redeploying
activities. Advantageous social network positions can be invaluable in
communicating, coordinating, and implementing strategic change (Helfat &
Martin, 2015). Managerial human capital refers to knowledge, skills, abilities
derived from education, prior experience, and training (Becker, 1964; Wright,
Coff, & Moliterno, 2014). Differences in human capital quality can then account
for differences in sensing, seizing, and reconfiguration (Wright et al., 2014).
These micro-foundations of DMCs derive heavily from prior experience and act
both separately and together and interact to define managerial behavior (Martin &
Bachrach, 2018).
Moreover, managers differ with respect to these underpinnings, which
leads to differential outcomes for companies (Helfat & Martin, 2015). Ultimately,
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managerial capability quality will have significant implications for firm
competitive advantage. Firms whose managers demonstrate superior DMCs will
demonstrate better adaptation to change through strategic resource orchestration
and, in their ability to sense, seize, and transform through demonstrably higher
levels of absorptive capacity (Badrinaryan, Ramachandran & Madhavaram, 2018;
Beck & Wiersema, 2013).
Dynamic Managerial Capabilities (DMC) Empirical Literature
Although the role of the manager has been emphasized in the dynamic
capabilities literature, it was not until Adner & Helfat introduced and elaborated
on the role of individual managers in 2003 that it began to assume greater
importance in the emerging literature on the micro-foundations of dynamic
capabilities for organizational adaptation and change (Adner & Helfat, 2003;
Helfat & Peteraf, 2014). Adner and Helfer's (2003) work is foundational
regarding the study of DMCs because their research showed DMCs have the
underlying attributes that involve managerial human capital, managerial social
capital, and managerial cognition. They called for additional research into DMCs,
their underlying attributes, how DMCs affect strategy and strategic change, and
suggested that additional research include quantitative and qualitative
assessments. Since then, very few studies that have examined DMCs empirically
have made it to top business journals from 1997-2020. Some of the key articles
are discussed below.
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A key paper by Sirmon and Hitt (2009) empirically assessed resource
investment and deployment effects on performance using archival data on 284
firms in the regional banking industry within the U.S. Their study highlighted the
need to understand how managers effectively utilize resources to affect
performance and highlighted the central role "asset orchestration" plays in the
deployment of DMCs. Additionally, the study demonstrated the need for a proper
fit between asset investment and deployment and how managers conduct asset
orchestration has a profound effect on firm success. Using contingency theory as
a framework, Peteraf & Reed (2007) demonstrated that managers constrained by
regulation compensate by using a greater discretion level in some other arena,
thereby achieving internal fit. This ability to achieve fit dynamically through
managerial processes is a DMC that facilitates organization adaptation and
enhances evolutionary fitness (Peteraf & Reed, 2007). Another key study used
inductive comparative case analysis to examine the relationship between
executive leadership and firm performance. This study showed that executive
leadership groups played a critical role in sensing and seizing opportunities and
purposefully managing threats. Furthermore, the study found that DMCs
mitigated information flow issues and reduced firm barriers while enhancing
innovation (Martin, 2011). Another inductive study of product development
showed that organizational renewal is powered by timely managerial
interventions resulting from converting successful experiments into firm
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capabilities (Salvato, 2009). Stressing the role of managerial cognition as a
dynamic managerial capability, another study highlighted its importance by
demonstrating that the CEO's attention toward an emerging technology is
associated with the degree and direction of strategic renewal, while also
dependent upon the levels of relevant organizational factors (Eggers & Kaplan,
2009).
Providing some impetus to the DMC research, some studies have taken a
micro-foundational perspective and elaborated on the managerial resources' role
underpinning managerial capabilities and linked them to firm-level outcomes.
Alternatively, other studies have looked at their impact on other resources or
capabilities (Caro, 2018; Huy & Zott, 2018; Martin & Bachrach, 2018; Tai,
Wang, & Yeh, 2019). A recent research study examined the performance effects
of resource orchestration in start-ups by investigating three key contingencies of
resource orchestration: human capital investment relative to rivals, leveraging
strategy, and founder start-up experience. The results found that when the firm
deviated from rivals' resource investments (either above or below the industry
mean), it had a negative impact on performance. However, higher investment in
human capital than rivals was also less detrimental when aligned with a
leveraging strategy focused on innovation (Symeonidou & Nicolaou, 2017).
Another study envisioning I.S. alignment and I.S. ambidexterity as ordinary and
dynamic managerial capability, respectively, at the I.T. department-level, showed
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that I.S. ambidexterity could increase I.S. alignment in terms of operational
support while the four I.S. assets. i.e., understanding business situations acquiring
new technology skills, interacting with users, and flexible technology assets can
affect I.S. alignment directly or indirectly (Tai, Wang, & Yeh, 2019). Drawing on
DMC and D.C. theories, another recent study revealed that board leadership
strongly influences board DMC. Specifically, the board chair's human capital is
related positively to the board's sensing, seizing, and reconfiguring/redeploying
capabilities, especially in dynamic environments (Aberg & Shen, 2019). Finally, a
very recent interesting study demonstrated emotion regulation's role as the
affective underpinnings of DMC. This study showed that managers' emotion
regulation differences influenced how they mobilized resources to pursue new
market opportunities. Emotion regulation helped these managers mobilize human
capital resources by showing psychic benefits (Huy & Zott, 2018).
Dynamic Managerial Capabilities and BDA
Although the practitioner press has featured several articles on the role and
importance of managerial capabilities in BDA, and despite the growing need to
understand the managerial processes and business effects when employing BDA,
there is a dearth of peer-reviewed scholarly literature that makes a compelling
reason for this research (Papadopoulos et al., 2017). Altogether, less than 15 articles
made the nexus between managerial capabilities (only one study employed a DMCs
perspective) and BDA as its focus. However, there are many more that mention the
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role of managers tangentially. A general theme that permeates most of the articles
is the need for a firm's strategic use of big data, which requires that BDA
capabilities be aligned with the firm's business strategy (Tan, 2018). A recent
empirical study, drawing on the RBV and dynamic capabilities theories, examined
the relationship between BDA capabilities and innovation capabilities and found
that a firm's ability to realize value from BDAC is influenced by complementary
factors such as technical and managerial capability, as well as the presence of a
data-driven organizational culture. This has been validated by other studies that
found a positive relationship between BDA capabilities and firm performance
(Gupta & George, 2016; Mikalef et al., 2019; Wamba et al., 2017).
The literature also emphasizes the active role of the TMT and incentives
that could work as catalysts to facilitate the adoption by employees and managers
of big data (Kiron et al., 2014). In this regard, McAfee and Brynjolfsson (2012)
argued that it is very unlikely for a firm to be a top performer using big data unless
there is a clear goal and strategy in place. A study that empirically examined the
relationship between managerial perception of Information Technology (I.T.),
Business Analytics (an umbrella term used synonymously with BDA), maturity,
and success found that the executive perception of I.T. profoundly impacted
business analytics maturity, which in turn positively affected business analytics
success. Thus, the TMT, who perceive the greater impact of I.T. on the firm's
performance, tend to view I.T. as playing a more strategic role. Consequently, both
35

the perceived impact of I.T. and the strategic role of I.T. positively influenced
organizational commitment to business analytics efforts (Chen & Nath, 2017).
Other researchers’ demonstrated that Business Intelligence helps managers sense
opportunities for organizational innovation through the access and analysis of a
variety of data from various sources for potential innovation and competitive
advantage (Roberts et al., 2016).

Current Gaps in DMC Theory
Prominent researchers have urged future researchers to investigate whether
the diversity of managerial cognitive capabilities within the TMT helps or hinders
strategic change using measures such as demographic diversity, which may lead to
a richer and deeper understanding of dynamic capabilities and strategic change
(Finkelstein, Hambrick, & Cannella, 2008). Similarly, there is an opportunity and
need to understand how DMCs (individual or team-level) and firm-level dynamic
capabilities jointly contribute to strategic change and firm outcomes. Disentangling
relationships between managerial and organizational capabilities remains a largely
unexplored area, and future research could make substantive contributions to the
literature (Helfat & Peteraf, 2014)

Resource Orchestration Framework
Theory Synopsis
In a parallel stream of literature that draws on RBV and Dynamic
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Capabilities to explicate the role of the manager in managing and orchestrating
resources/assets that they call "resource orchestration," Sirmon et al. (2011)
synthesize two frameworks, their own resource management framework (Sirmon
et al., 2007) and Helfat et al.'s (2007) asset orchestration framework to describe
managerial processes and actions that are enacted in effective resource utilization
to achieve competitive advantage and create value (Sirmon et al., 2011). The
resource management framework consists of structuring (acquiring, accumulating,
and divesting), bundling (the integration of resources into capabilities), and
leveraging firm capability configurations to capitalize on the market
opportunities. This includes mobilizing and coordinating capability configurations
and deploying the capability configuration in alignment with a market strategy
(Sirmon et al., 2007). Most importantly, the above processes are higher-level
"managerial capabilities" and must be distinguished from the existing resources or
lower-level capabilities that are being managed (Sirmon, Gove, & Hitt, 2008).
Empirical research has shown that resource management processes positively
affect performance and increase in importance as competitors' resource portfolios
approach parity (Sirmon et al., 2008). Moreover, firm outcomes are determined
by managers' resource management abilities, which are contingent upon the
quality of focal resources and synchronization across processes. Thus, differences
in managerial abilities create differential outcomes (Holcomb, Holmes Jr., &
Connelly, 2009).
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The other framework detailed in the resource orchestration literature is
"asset orchestration." Asset orchestration draws on dynamic capabilities theory to
describe two primary managerial processes – search/selection and
configuration/deployment, analogous to the resource management processes. Like
structuring, the search/selection processes require managers to identify and make
investments in assets while designing organization/governance structures and
business models. The configuration/deployment process is analogous to the
bundling and leveraging resource management processes and requires the
coordination of cospecialized assets to create synergy and nurturing of a vision to
spur innovation. The resource orchestration processes stress internal fit amongst
processes and strategies to create a competitive advantage (Helfat et al., 2007;
Sirmon et al., 2011). Sirmon et al., 2011 proposed that integrating the abovedescribed constructs of resource management and asset orchestration produces a
detailed roadmap for orchestrating firm resources that create a dynamic capability
that leads to developing a sustainable competitive advantage. Moreover, there
needs to be a fit and synchronization between the search/selection and
configuration/deployment processes to enhance the dynamic capability's
performance (Adner & Helfat, 2003; Sirmon et al., 2011).
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Figure 1. Resource Orchestration Framework (adapted from Sirmon et al., 2011)
As depicted in Figure 1 above, the literature has defined resource
orchestration as consisting of a search/selection process that requires managers to
identify the right resources and capabilities. This process aligns with the process
of structuring the right investments through the acquisition, accumulation, and
divestment of resources and capabilities and designing governance structures
around those capabilities (Sirmon et al., 2011).
Resource Orchestration Empirical Literature
There is a modest amount of research at the nexus of asset orchestration
theory (which builds dynamic capabilities theory) and firm outcomes. Even
though Penrose (1959) highlighted the role of managers' actions on firm value
creation, there is no focus on managerial action in the RBV literature. After
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Sirmon et al. (2007) and Helfat et al. (2007) independently came up with the
resource management and asset orchestration frameworks, respectively, there has
been a flurry of studies that tested theory regarding the effects of managerial
ability and actions on resource value creation. One such study looked at the
impact of managerial ability on resource productivity and found that while there
was a significant impact, the effect was less pronounced with increases in
resource quality. The study also established that the effect of managerial ability
on performance through resource synchronization is positive and becomes even
more important with less valuable resource portfolios (Holcomb et al., 2009). A
study completed by Chadwick, Super, & Kwon (2013) found that top managers
drive competitive advantage by defining their firm's course by setting priorities
and marshaling resources for a given strategic emphasis while the true impact of
the top managers' strategic emphasis is realized through the mobilization of
related resources. Thus, top managers set the wheels in motion by leading the way
towards orchestration throughout the firm's depths, wherein other actors,
particularly middle managers enact the strategic emphasis (Chadwick et al.,
2013). Another study used the RBV and competitive dynamics theoretical
perspectives to examine how resources, especially those that lead to competitive
advantage, enable a firm's competitive actions reiterating the view that "what a
firm does with its resources is at least as important as which resources it
possesses" (Hansen et al., 2004, p.1280). Specifically, this study demonstrated
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that the competitive actions through resource management are how firms employ
the full capacity of technological resources and show that managerial actions
mediate the resource-competitive advantage linkage (Ndofor, Sirmon, & He,
2011). Another recent study empirically examined the nexus between the
orchestration of resources and innovation and found that the managers play a key
role in actively orchestrating their resource portfolio to foster innovation.
However, the firm's life-cycle stage will influence differential orchestration
actions to facilitate innovation (Carnes et al., 2017).
Thus, resource orchestration becomes a firm-level action directed by
managers. A key to this is resource mobilization for a particular use and resource
coordination when managers integrate the resources into an effective structure
(Helfat et al., 2007; Sirmon et al., 2011). A recent study examined managerial
human and social capital as antecedents to entrepreneurial orientation to test the
resource orchestration to performance relationship in line with dynamic
managerial capability thought leadership. The study hypothesized a relationship
between human and social capital with social capital as an antecedent to human
capital and showed weak yet positive support for the relationship. The study thus
demonstrated that managers should allow their firms to develop an
entrepreneurial orientation to maximize firm resource utility for gaining
competitive advantage (Miao et al., 2017; Sirmon et al., 2007; Sirmon et al.,
2011;). On a similar line, another recent study investigated the role of three
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contingencies in resource orchestration in start-ups – that is, human capital
investment relative to rivals, their ability to leverage strategy, and finally, founder
start-up experience and found that experienced founders benefit from actively
orchestrating human capital investments relative to rivals with a strategy focused
on innovation (Symeonidou & Nicolaou, 2017).
Resource Orchestration Theory and BDA
As mentioned previously, most of the research conducted has used the
Resource-based View (RBV) as a theoretical lens, which takes a very resourcefocused perspective instead of examining the activities that transform resources
into dynamic capabilities that managers employ in response to a changing
environment. Taking a dynamic capability view extends the current literature
beyond resources to focus on the dynamic capabilities that directly contribute to
business performance. For example, Customer Relationship Management (CRM)
analytics can be considered a big data resource but needs to be transformed into a
dynamic capability for improved business outcomes (Sena et al., 2019).
The literature at the intersection of resource orchestration and BDA is
extremely limited. Very few empirical studies have examined how managers
employ to integrate BDA into processes and routines that ultimately generate value.
A recent study used a case study approach using RBV and a resource orchestration
theoretical perspective in the context of BDA for sustainability to examine how it
could solve air pollution management in China. The study concluded that the
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development of a BDA capability is a result of big data resource orchestration.
However, BDA capabilities are differentiated based on different data resources,
data-focused orchestration methods requiring different data-specific investments
(Zhang & Xiao, 2020). Clearly, the approach is still coarse-grained and lacks
refinement. Although not related to BDA, another study conceptualized and
empirically tested how I.T. resource orchestration (i.e., integrative I.T.
orchestration and compensatory I.T. orchestration) facilitated the initiation of
strategic behaviors (i.e., strategic distinctiveness and strategic dynamism) based on
institutional theory (DiMaggio and Powell 1983). While integrative I.T. resource
orchestration enabled firms' strategic distinctiveness, compensatory resource
orchestration increased the strategic dynamism of firms. The study also
demonstrated that the environment's complexity and dynamism moderates the
relationship between I.T. resource orchestration and strategic behaviors (Choi,
Pinsonneault, & Han, 2019). A similar empirical study employing a case study
approach examined digital resource orchestration to understand the mechanisms
through which the managers at different levels employ digital resource
orchestration to inform the design of improved I.T. Governance within healthcare
organizations. The research helped to identify the most effective locus of resource
synchronization (Kizito, 2019).
Current Gaps in Resource Orchestration Theory
Besides the obvious gaps in the extant literature on how BDA resources are
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orchestrated to develop capabilities, there is a need to understand the processes that
lead to the further evolution of those capabilities into dynamic capabilities (Ahuja
& Chan, 2017). There is also a great need to develop a holistic understanding of the
interplay between resource orchestration, dynamic managerial capabilities, and
specific outcomes (Badrinarayan, Ramachandran & Madhavaram, 2018).

Synthesis of Literature Gaps
From the above reading of the literature, it is obvious that the role of the
TMT's DMCs in driving strategic change through dynamic capabilities to sense,
experiment, and reconfigure resources for competitive advantage is a gap. Most of
the research has focused on the firm instead of its processes (Adner & Helfat,
2003), and the manager's role, including the TMT's role, has been largely
overlooked (Helfat et al., 2007). Many firms make large investments in BDA. Even
though the BDA literature is growing (Mikalef et al., 2020), there are still many
aspects of business value derivation from BDA that are not getting the attention
they deserve (Grover et al.,2018). Significantly, only a handful of the many studies
have dealt specifically with dynamic capabilities and BDA. Other than a passing
reference to managers, none have explored their role in any depth. The literature in
general (Adner & Helfat, 2003; Helfat et al., 2007; Sirmon & Hitt, 2009; Martin,
2011) and BDA literature in particular (Mikalef et al., 2020; Grover et al., 2018)
have called for research into managerial processes and capabilities. Many studies
have highlighted that managers must take specific action around BDA resources
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and capabilities and have specifically mentioned that managers must take additional
actions to exploit such capabilities, i.e., orchestrate the effective usage of BDA
resources and capabilities. This involves researching managerial capacities used in
creating, extending, or modifying the resource base (Adner & Helfat, 2003; Helfat
et al.,2007) and its relation to value creation and capture, especially during regimes
of rapid change.
This research helps fill other gaps as well. For example, a methodological
gap exists in that the literature has called for more empirical research into DMCs
by the DMC concept's originators (Adner & Helfat,2003). The literature review
conducted showed that most of the studies done thus far that shed any light on the
above topics are largely conceptual, and only a few are empirical. Moreover,
Davenport & Harris (2007) say that success, including gaining a competitive
advantage from BDA, depends upon leadership. TMT members can strongly
influence the culture and mobilize people, money, and time to help drive business
value from BDA. In a similar vein, Wixom & Watson (2010) opined that a key
success factor for B.I. Success is that the TMT believes in and drives BDA use.
Because studies have also tended to be industry (or firm) specific, the
literature has called for more research across different firms in different industries
(Wang & Ahmed, 2007). This research addresses this gap by researching firms in
different industries to improve the generalizability of the findings. By focusing on
these gaps, the research, as depicted below in Figure 2, addresses the remaining
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question marks in the literature with respect to how the TMT drives competitive
advantage for the firms through BDA.

Figure 2. Research Gap
The

research seeks

answers

to

the

primary

question

of

the

processes/mechanisms the TMT employs to drive competitive advantage from BDA
in their firms. Based on the literature review above, which included analysis and
overview of the dominant strategic paradigms that undergird this research, and the
analysis and discovery of the gaps in the literature that could potentially be filled as
a result, the research question and its clear-cut objectives can now be presented
within the context of these findings.
To recap, the Upper Echelons' literature has acknowledged the TMT's role in
determining firm outcomes. The theory and previous empirical research have
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substantiated that their biases and dispositions play a strong role in explaining
organizational outcomes (Hambrick & Mason, 1984). While there are many studies
that have empirically examined the relationship between TMT characteristics and
firm performance using both objective, observable and verifiable characteristics as
well as perceptual data obtained through survey instruments, there are no studies that
have examined this in relation to driving competitive advantage through BDA. It
would be especially pertinent to examine the TMT proclivities for fact-based,
analytical decision-making in the BDA context. There is plenty of evidence to show
that the TMT may be inclined to follow the dominant logic and ignore the data when
it comes to decision-making. This is believed to be one of the biggest barriers to
firms' data-driven behavior (Marr, 2017). The TMT's behavior in driving strategic
change from BDA could very well depend on analytics education, learning, and
experience of the TMT (Bromiley & Rau, 2015).
The DC literature has acknowledged the importance of the “resource of
management” vis-à-vis the “management of resources” (Mahoney, 1995), including
the use of managerial capabilities (Danneels, 2010; Sirmon & Hitt, 2009; Teece et
al., 1997). The literature has recognized that the manager has largely been forgotten
(Helfat et al., 2007; Sirmon & Hitt, 2009). The logic of DMCs has begun to address
this (Sirmon & Hitt, 2009), although very few empirical studies have done it so far.
The literature has called for further research into the subject (Adner & Helfat, 2003;
Helfat et al., 2007; Kor & Mesko, 2013; Sirmon & Hitt, 2009). Sirmon and Hitt
47

(2009) found the DMC concept, as developed by Adner and Helfat (2003), has helped
address how managers use resources relative to performance. Still, there is a critical
omission in the literature in that resource orchestration, which is “central” to the
DMC perspective, is “rarely investigated” (citing Helfat et al., 2007), and have noted
more resource orchestration studies are needed as this area is “a central component
of DMCs and resource management” that “highlights the importance of integrating
(matching) resource investment and deployment decisions” (p. 1375).
To answer the call means managerial capacities to build, integrate, and
reconfigure organizational resources and competences (Adner & Helfat, 2003). The
extant literature has recognized the importance of dynamic capabilities, especially in
periods of significant change in the external environment (Eisenhardt & Martin,
2000; Teece et al., 1997). The literature also has stated the relevance of achieving
and sustaining competitive advantage in firms regarding dynamic capabilities and
DMCs, as they are integral to wealth creation and capture (Augier & Teece, 2009;
Teece et al., 1997). Nevertheless, the literature has yielded very few empirical studies
synthesizing these areas.
The literature review has only a few empirical studies showing that resource
orchestration can lead to new and novel resource configurations that become the
source of competitive advantage (Helfat & Peteraf, 2003; Sirmon et al., 2011). Most
of the studies are conceptual or qualitative based on single or multiple case studies.
No literature has unpacked the orchestration process in the BDA context (Wang &
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Ahmed, 2007). Finally, there are no studies that have been conducted in the literature
that answer the research question and objectives as proposed herein. The research
conducted for this thesis is original, and it addresses some of the critical literature
gaps that provide the rationale for the research.

Figure 3. Research Model
Figure 3 above presents the research model that articulates this research's
core thesis that the underlying TMT managerial resources (antecedents to dynamic
managerial capability) play a significant role in driving firm competitive advantage
through effective BDA re-orchestration. BDA re-orchestration is a form of dynamic
capability concerned with managers' role in refreshing and transforming the
existing configuration of BDA resources of the firm to maximize
complementarities so that it maintains and develops its competitive advantage
performance (Ambrosini & Altintas, 2019; Teece, 2012). The TMT accomplishes
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BDA re-orchestration by leveraging existing BDA ordinary capabilities. According
to Teece (2012), if well-honed, a firm’s ordinary capabilities enable it to perform
its current activities efficiently. Thus, a BDA ordinary capability is defined as a
firm's ability to coordinate technology and talent to capture, store, and analyze data
toward the generation of insight (Gupta & George, 2016). The premise here is that
although a firm’s BDA ordinary capabilities allow it to gain operational
efficiencies, they do not automatically imply optimal utilization (Mikalef et al.,
2020). The figure below illustrates the relationship between ordinary capabilities
and dynamic capabilities.

Figure 4. Ordinary & Dynamic Capabilities
According to the resource orchestration literature, a ‘firm is unlikely to
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realize value creation unless it effectively and fully leverages/uses those
capabilities in the marketplace’ (Sirmon et al., 2007, p. 283). Thus, how firms
choose to leverage their BDA ordinary capabilities could differ significantly and
explain variations in the competitive advantage gained. The organizational change
required to dynamically restructure and reconfigure/redeploy firm-wide BDA
ordinary capabilities with other organizational capabilities successfully is a
strategic change that can be orchestrated only by the TMT (Hambrick, 2007). By
sensing and investing in new business opportunities, finding new and better ways to
utilize BDA strategically, and creatively coordinating the re-assembly and redeployment of BDA ordinary capabilities with other cospecialized capabilities, the
TMT can drive competitive advantage.

BDA re-orchestration Definition and Constructs
This research defines BDA re-orchestration as a dynamic capability that
allows firms to derive maximum competitive advantage through the processes of
restructuring and reconfiguring/redeploying of BDA capability configurations. The
Sirmon et al.(2011) resource orchestration framework suggests that structuring
includes managerial processes to identify assets, make investments concerned with
them, and design organizational and governance structures for the firm and create
business models (Sirmon et al.,2011). Borrowing from this definition, restructuring for this research is defined as sensing the “right” opportunities through
BDA insights, investing in additional resources to improve the existing BDA
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ordinary capabilities with a plan of action (Helfat et al., 2007; Sirmon et al., 2011).
This action plan involves establishing a data-driven culture by extending learning
through experiments and rapid prototyping to seize and exploit new opportunities
or address competitive threats (Teece, 2012). By establishing an environment for
experimentation and prototyping of opportunities derived from BDA insights, the
structuring process is roughly analogous to the sensing dynamic capability of
identifying emerging opportunities and investing in additional resources (Augier &
Teece, 2009).
Sirmon et al. define configuring as the process of bundling / integrating
resources into capabilities and then mobilizing a vision for the integration and
deployment of other cospecialized capabilities into capability configurations to
nurture innovation (Sirmon et al., 2011). Borrowing from this definition,
reconfiguring/redeploying for this research is defined as the process that conceives
of a vision and design to re-bundle BDA ordinary capabilities through integration
with other organizational capabilities to create synergies from novel capability
configurations by mobilizing firm-wide managerial capabilities. This process is
roughly analogous to the ‘seizing’ dynamic capability defined in the literature
(Teece et al., 1997). This is followed by coordinating the deployment of capability
configurations to integrate, synchronize, and physically re-deploy the new
capability configurations to support a market strategy to drive competitive
advantage. (Sirmon et al., 2011). This process is roughly analogous to the
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exploiting or transforming dynamic capability defined in the literature (Teece et al.,
1997).
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Table 1: BDA Re-orchestration and Key Constructs
Definition

Activities

BDA
Restructuring
Sensing the “ right” opportunities through BDA
insights, investing in additional resources, and
learning to improve the existing BDA ordinary
capabilities with a plan of action (Helfat et al.,
2007; Sirmon et al., 2011).

Use BDA to scan the environment for the right
opportunities
(Teece, 2018)

Identify and invest in additional BDA resources to
enhance BDA ordinary capabilities to support the
right opportunities
(Sirmon et al., 2011)
Invest in building a data-driven, BDA
experimentation and prototyping culture and
environment
(Alexander, 2018)

BDA
Reconfiguring / Redeploying
Reconfiguring/Redeploying involves bundling
BDA ordinary capabilities through integration with
other organizational capabilities to create synergies
from novel capability configurations by mobilizing
firm-wide managerial capabilities. This is followed
by the coordination, synchronization, and
deployment of the new capability configurations to
support a market strategy to drive competitive
advantage (Sirmon et al., 2011).
Design BDA capability configuration bundles that
take advantage of the learnings from experiments
and create synergies to drive firm value. Align
deployment of capability configuration in support
of a market strategy
(Sirmon et al., 2011)
Formulate a plan for firm-wide integration of
capability configurations
(Helfat et al., 2007; Sirmon et al., 2011)
Communicate and mobilize support for BDA
implementation
Mobilize firm-wide managerial support in
preparation for deployment
Ensure firm-wide coordination of capability
configuration deployment and ensure knowledge
dissemination and diffusion.

Teece mentions that the essence of dynamic capabilities is all about
focusing on the “right” things (evolutionary fitness) as opposed to doing things
right (technical efficiency) by correctly identifying and assessing an opportunity
(sensing), mobilizing the right resources/capabilities (seizing) and continued
renewal (transforming or exploiting) (Teece, 2017). The TMT, by using their wellhoned cognition (derived from cognitive skills through previously shared tenure
and prior data/analytics roles and experience), high-quality TMT human capital
(derived from an advanced educational background, general knowledge assets,
skills, firm-specific and all-round quality of experience) can help the firm identify
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and structure the right investment opportunities by establishing a data-driven
culture, acquiring the right resources and building the right governance structures
and by incorporating the learnings from BDA insights and experimentation. The
TMT will then use their human capital and social capital resources (derived from
internal and external network ties) to design the right capability configurations
through functional integration and mobilizing mid-managerial capabilities. Finally,
using their internal social capital, the TMT can oversee the firm-wide deployment
and exploitation of new BDA capability configurations in various existing
products, service offerings, or revamped processes. Thus, the real business value is
generated when the TMT takes the appropriate action to restructure, reconfigure,
and redeploy BDA organization-wide to drive competitive advantage (Mikalef et
al., 2020). However, the ability to drive competitive advantage with BDA Reorchestration will be moderated by the external environmental dynamism.

Hypotheses Development
Adner & Helfat (2003) and their seminal work in DMCs showed that
managerial capabilities are formed by TMT managerial resources involving
managerial cognition, human capital, and social capital (Adner & Helfat, 2003).
Managerial cognition has been defined as the set of “managerial beliefs and mental
models that serve as the basis for decision-making” (Adner & Helfat, 2003,
p.1021). Cognitive capability allows for the performance of many different mental
activities, such as those involving attention, perception, and problem solving (Caro,
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2018). Helfat and Peteraf (2014) further elaborated on the concept of managerial
cognitive capability and identified specific types of cognitive capability that
underpin dynamic managerial capabilities for sensing (attention and perception),
seizing (problem-solving and reasoning), and reconfiguring (language and
communication, as well as social cognition), and explained their potential impact
on strategic change in organizations.
TMT cognition is thus the basis for the TMT's choices and decisions (Day
& Lord, 1992; Walsh, 1995) and is usually employed to analyze and evaluate
choices/trade-offs and their consequences (Cyert & March, 2013). Research has
also shown that organizational capabilities can be affected by pre-existing mental
beliefs of the TMT (Laamanen and Wallin, 2009). Through empirical analysis,
Adner & Helfat demonstrated that variances in firm profitability could be explained
by TMT corporate strategy definition and decision-making that are derived from
TMT cognition (Adner & Helfat, 2003). On the same lines, Sirmon and Hitt (2009),
in another study that uses the banking industry as context, demonstrated that the
TMT helps drive company performance using their cognition (Sirmon & Hitt,
2009). Martin’s (2011, p. 5) research showed that TMT cognition is deployed to
sense and seize opportunities and manage threats in a purposeful way, especially in
dynamic environments, and greatly determine firm outcomes (Augier & Teece,
2009).
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In the BDA context, a TMT who uses their business insight, quantitative
reasoning, and problem-solving to sense strategic areas where BDA can drive value
for their organizations are employing their mental cognition. Thus, cognition is
derived from a deep intuitive understanding of the business combined with a datadriven mindset (Braganza et al., 2017). It demonstrates a set of beliefs and
decision-making mode that is based on data insight. This appreciation for data and
the value it can create for the business is most likely gained from a deep intuitive
understanding of the business and mental abilities derived from quantitative and
analytic methods/techniques (Harris & Craig, 2011). In previous research, TMT
members' prior shared experiences have served as an observable proxy for mental
models that affected how companies evolved their capabilities (Laamanen &
Wallin, 2009; Townsend & Busenitz, 2014). Researchers have demonstrated that
managerial cognition is indelibly shaped by personal and professional experiences
and constrained by bounded rationality that is key while developing and molding
strategy (Reynolds et al., 2002). Moreover, prior research has shown that collective
cognition based upon shared prior experience allows the TMT to make strategic
decisions in a unified manner (Baum & Wally, 2003; Eisenhardt & Schoonhoven,
1990; Kor, 2003). Even in the case of BDA, a relatively recent innovation, prior
shared experience within the TMT, could lead to collective cognitive cohesion,
which can, in turn, exert a strong influence on the sensing and seizing of BDA
opportunities. In general, research has clearly shown that greater trust and affinity
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are shared by members of a cohesive team that engenders positive firm outcomes
(O'Reilly, Caldwell, and Barnett, 1989). Researchers have often used prior shared
work experience to proxy a shared mental model and team cohesion (Barkema &
Shvyrkov, 2007; Carroll & Harrison, 1998; Harris & Helfat, 1997; Kor, 2003).
As mentioned earlier, restructuring is the process of sensing the value of the
“right” opportunities through BDA insights and then investing in those
opportunities through a plan of action. This plan of action seeks to invest in
learning via experiments and rapid prototyping. The finding of the right
opportunities and the effective usage of BDA is often grounded in a firm
understanding of existing problems and how BDA could solve those problems.
BDA could enable discovering the right opportunities by combining the right set of
diverse data sources and mining the insights from that data (Kiron, 2017). For
example, by combining previous customer product buying patterns with customer
sentiment and interaction data, retail companies can derive insights into customer
micro-segment behavior and market to them effectively. However, the most
important objective is to find those business problems and then dedicate BDA
insights toward solving them. This must be a key part of the TMT’s data and
analytic strategy (Díaz, Rowshankish, & Saleh, 2018). Sensing the right
opportunities from BDA insights that address the right business problems requires
TMT analytic cognition. In this manner, the restructuring process is analogous to
sensing and investing in emerging opportunities , which requires strong TMT
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cognition to be effective. This is because while the TMT may be positive about
investing in BDA ordinary capabilities when it comes to decision-making, they
may feel that their intuition is more accurate than the analysis performed on big
datasets (Hodgkinson & Healey, 2011). The main premise is that managers’
emotional and cognitive responses may override BDA insights, thereby reducing
their potential value (Mikalef et al., 2020). Trusting BDA insights requires the
TMT to unlearn common assumptions often and step out of their comfort zone to
take advantage of a new BDA-driven insights paradigm (Maguire, 2018). This
requires an analytical, data-driven mindset (Tan, 2018). After that, the TMT will
need to make the right investments in learning via experimentation and prototyping
of opportunities and acquiring additional resources to tap into the opportunities.
Through these controlled experiments, companies can further test their hypotheses
with respect to the right opportunities and analyze results to guide additional
investment decisions and operational changes. In other words, through
experimentation, managers can distinguish causation from mere correlation,
thereby reducing the variability of outcomes while improving financial and product
performance (McGuire, Manyika, & Chui, 2012).
Similarly, TMT cognition is instrumental in establishing a data-driven
culture by embracing a data-driven approach. “If we had to choose a single factor
to determine how data-driven an organization will be, it would be leadership.
Leaders have a strong influence on culture and can mobilize people, money, and
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time to help push for more analytical decision making” (Davenport, Harris &
Shapiro (2010, p.57). Companies with a TMT imbued with superior cognition tend
to collectively restructure investments in product and process innovation driven by
BDA-fueled ideas. The TMT will often do so by investing in learning through
experimentation and proofs of concept to ensure commercially viable minimum
product sets.
Hypothesis 1(H1): TMT cognition is positively related to BDA restructuring.
Human capital refers to the knowledge, skills, and abilities embodied within
a firm (Becker, 1962). Managerial human capital includes managers' skills and
knowledge repertoire, shaped by their level of education and professional
experiences (Becker, 1994; Castanias & Helfat, 2001). Researchers have typically
conceptualized and operationalized human capital via prior education, knowledge,
skill, and training (Becker, 1964; Wright, Coff, & Moliterno, 2013).
Generic human capital refers to knowledge and skills that are applicable
across all industries and firms. In contrast, specific human capital is related to
knowledge or skills applicable to one industry or a set of related industries (Caro,
2018). Research has shown that TMT prior specific experience serves as likely
sources of knowledge and skills and has been associated with performance when
the TMTs follow strategies closely aligned with their prior experience (McGee,
Dowling, & Megginson, 1995; Shrader & Siegel, 2007). Additionally,
heterogeneity in the TMT has been shown to contribute to increased
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complementarity, positively impacting firm performance, especially in dynamic
industry environments (Hambrick, 2007; Hmieleski & Ensley, 2007; Kor, 2003;
Wright, Coff, & Moliterno, 2014). Heterogeneity measured in terms of breadth and
depth of education (knowledge), skills, and abilities (prior experience), firm tenure
should be considered when evaluating human capital quality (Kor & Mesko, 2013;
Martin, 2011). Another aspect that connotes high-quality human capital within the
DMC context is the collective entrepreneurial experience within the TMT.
Entrepreneurial managers create markets in reconfiguring resources and capabilities
(Teece, 2012; Zahra et al., 2006).
Besides the above characteristics, in the BDA context, TMT human capital
includes technical, business, and data/analytics education, skills, and knowledge
derived from specific education, training, and the overall depth and breadth of past
professional experiences (Beck & Wiersema, 2013). A recent interview of the TMT
in the McKinsey Quarterly revealed that a lack of vision often stems from a lack of
a solid understanding of the difference between traditional analytics (i.e., business
intelligence and reporting) and advanced analytics (powerful predictive and
prescriptive tools such as machine learning) (Diaz et al., 2018). Therefore, a TMT
with deep knowledge and training in advanced data analytics techniques and
experience in applying BDA solutions to existing problems is likely to determine
the right restructuring of investments in resources and the right level of
experimentation and prototyping. For example, to derive superior insights, firms
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will have to integrate internal customer data with external data from third parties,
e.g., business partner data (McGuire et al., 2012). Decision-making around the
acquisition of the best data sources and the building of advanced-analytics models
and tools will require the knowledge and the collective expertise of a
knowledgeable and experienced TMT (Brown et al.,2013). Superior TMT human
capital quality may possess the right level of knowledge about the pros and cons of
various data sources and the value they can generate. Without this in-depth
knowledge of data and the appropriate application of analytical techniques, the
wrong conclusions could be reached, and suboptimal decisions and actions could
be taken. Additionally, to take advantage of BDA, it is important that the TMT
human capital has an expert grasp of its strategy and the firm's goals/direction, and
the critical key performance indicators that measure success. A TMT’s ability to
produce insights that feed into product and service innovations or strategic
decision-making requires advanced technical knowledge, skills, and abilities. An
analytics-proficient TMT can lead the design of experiments of the best analytic
solutions (Alexander, 2018). BDA is spawning new categories of companies that
embrace information-driven business models. Many of these businesses play
intermediary roles in value chains where they generate valuable “exhaust data1”
produced by business transactions. For example, one transport company recognized

1

Exhaust data is the data trail left by Internet users during their online activity, behavior, and transactions (Wikipedia,
2016)
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that it collected vast amounts of information on global product shipments while
doing business. Sensing an opportunity, it created a unit that sells the data to
supplement business and economic forecasts (McGuire et al., 2012). Such sensing
of valuable opportunities requires high-quality, TMT human capital. TMT human
capital will then use those opportunities to invest in sophisticated experiments to
understand the likely impact or “lift” before venturing into firm-wide integration
and operationalization of its capabilities. For example, Capital One, a BDA leader,
conducts several experiments a year to identify customers with a propensity to sign
up for its credit cards (Davenport & Harris, 2007).
A firm with an analytics-savvy TMT is thereby best positioned to take
advantage of its BDA ordinary capabilities that currently exist. TMT human capital
will enable it to innovate through sensing the right opportunities and continued
investments in learning through experiments and prototyping, and by restructuring
the strategic project, portfolio to fully leverage and seize opportunities afforded by
BDA ordinary capabilities that drive competitive advantage (Feinzig & Guenole,
2020; Mikalef et al., 2020).
Hypothesis 2(H2): TMT human capital is positively related to BDA restructuring.
The resource orchestration literature has identified configuration as the
bundling and mobilizing of co-specialized capabilities for its use in productive
ways to implement the strategy (Sirmon et al., 2011). In the context of this
research, BDA reconfiguring consists of designing the bundling of BDA ordinary
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capabilities with other organizational capabilities and mobilizing support and
downstream managerial capabilities to create synergies from novel capability
configurations. Deploying refers to coordinating the integration, synchronization,
and physical implementation of the new capability configurations to support a
market strategy to drive competitive advantage. (Sirmon et al., 2011). For this,
change management processes are activated by mobilizing and coordinating
support for the novel configuration and managerial capabilities across the firm in
preparation for configuration deployment. Bundling can be achieved through minor
improvements to existing capabilities (stabilizing and enriching) or by pioneering
entirely new capabilities by synthesizing multiple capabilities to provide a
competitive advantage (Sirmon et al., 2007; Sirmon et al., 2011). The literature has
posited that sustainable competitive advantage is not based on dynamic capabilities
but on the capability configurations created by dynamic capabilities (Mikalef et al.,
2019). Synergy is created by using capability combinations (Augier & Teece,
2016). For example, marketing or technological capabilities could be fused with
BDA ordinary capabilities to enable the firm-wide exploitation of product or
service idea experiments previously discussed, in step with an identified market
strategy.
In the context of BDA, the insights generated from experiments and
prototyping can prompt firms to adjust their capabilities to be either incrementally
innovative (stabilizing or enriching) or radically innovative (pioneering) (Erevelles,
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Fukawa, & Swayne, 2016). Creating stabilizing, enriching, or especially pioneering
sets of BDA capability configurations require high caliber TMT human capital as a
firm’s development of new capabilities is never a trivial exercise. It requires a
radical reconfiguration of new competencies and revamping existing ones, both of
which involve expansive learning and unlearning on the TMT part (Alexander,
2018). Thus, strong BDA ordinary capabilities can be combined with other
dynamic capabilities or ordinary capabilities to use BDA in innovative ways. For
example, BDA reconfiguring involves integrating BDA ordinary capabilities with
marketing capabilities to implement real-time text and sentiment analytics in social
media campaigns into a net new pioneering configuration for the company, which
requires TMT human capital resources to execute effectively (Xu, 2016). A strong
BDA ordinary capability can be configured to combine and interact at both the
strategic level to strategic planning capabilities such as strategic sourcing, supply
chain network design, and product design and development. At an operational
level, a BDA ordinary capability can be re-bundled with other operational
processes to improve supply chains' overall flexibility and performance to manage
volatility and cost fluctuations (Langley 2014). For example, customer-facing
companies can augment their traditional segmenting and customer targeting with
real-time targeting using different data sources such as a retailers’ rewards
program. Another example is that of a leading department store chain that is testing
newly developed BDA embedded marketing capabilities that will provide
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customers with real-time online coupons on their mobile phones during store visits
by combining live data about their location in certain areas of the store, product
browsing behavior, and customer preferences and interests stored in their online
user profiles (Thau, 2014). Depending on the organization's technical capabilities,
this could either be an enriching or pioneering type of configuration that requires a
vision and design derived only from a high-caliber TMT human capital (McGuire
et al., 2012).
Hypothesis 3(H3): TMT human capital is positively related to BDA
reconfiguring/redeploying.
Social capital refers to the goodwill available to individuals or groups in
their formal and informal relationships within and without the organization (Kwon
& Adler, 2014). Building on this definition, managerial social capital is managers'
ability to leverage their relationships and connections inside and outside the firm
(Helfat & Martin, 2015). In the TMT context, social capital can be defined as the
sum of all actual and potential resources embedded, available, and derived from the
internal and external network of relationships of the TMT (Nahapiet and Ghoshal,
1998, p. 244). Social capital is all about garnering influence from relationships and
leveraging the power of that influence to communicate and mobilize support and
alignment across the firm to get things done. The strategic management literature
has also emphasized the importance of understanding the relationships among
members of the TMT and the social context that influences these relationships
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(Carpenter, Geletkanycz, & Sanders, 2004). Social networks confer influence,
control, and power and are relational capital applied to create business value
(Adner & Helfat, 2003). The literature has often operationalized TMT internal
social capital as the tenure overlap and co-working experience of its members in
the same company or corporate group (Barkema and Shvyrkov, 2007; Tian,
Haleblian, & Rajagopalan, 2011). According to Adner and Helfat (2003), internal
ties (overlapping tenures from current and previous experiences) and social
network density can help TMT to interact and obtain information, while external
ties (e.g., directorships) can lead to improved performance (Gelatkanycz &
Hambrick, 1997). Since the TMT has different ties, both internal and external, this
will lead to different social capital and access to information with variation in
performance. The information systems literature has shown that structural social
capital within the TMT, i.e., network ties within TMT team members, can lead to
IS strategic alignment through the mechanisms of shared cognitions and trust
(Karahanna & Preston, 2013).
Restructuring has been defined as the process of sensing the value of the
“right” opportunities through BDA insights and then investing in those
opportunities through a process of experimentation and prototyping (Sirmon et al.,
2011; Pavlou & El Sawy,2011). The TMT is the executive body responsible for
business strategy and, by virtue of this responsibility, determines which
opportunities can impact positive firm outcomes. Moreover, this investment occurs
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in a social context and the nature of the working relationship amongst TMT
members. The exchanged and shared knowledge will dictate which opportunities
are prioritized and pursued (Atuahene-Gima & Murray, 2007; Karahanna &
Preston, 2013). Nahapiet & Ghoshal(1998) have demonstrated through their
research that strong TMT social capital engenders greater interaction and
knowledge exchange, which leads to a shared vision of organizational goals and
priorities. The internal social ties that are forged within the TMT will provide the
network that will allow access to the right information and resources to select and
invest in the right opportunities at the right time (Burt, 2000).
Hypothesis 4(H4): TMT social capital is positively related to BDA restructuring.
Previous studies have shown that both human and social capital are
necessary for configuration bundling, mobilizing, and integration processes. In the
context of the BDA Re-orchestration, reconfiguring consists of (1) bundling, or the
integration of BDA ordinary capabilities with other organizational capabilities (2)
and (2) the mobilizing of the managerial capabilities across the firm in preparation
for configuration deployment. As top leaders in data-driven organizations noted,
the BDA middle management can help conceptualize and carry forward the ideas
and experiments sponsored by the TMT and lead the design and implementation of
configurations throughout the organization (Diaz et al., 2018). Therefore, the
design and creation of net new BDA capability configuration bundles that take
advantage of the learnings from experiments and create the synergies to drive firm
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value are paramount in the reconfiguration process. This requires that the TMT
activates effective change-management by changing mindsets and influencing
behaviors throughout the organization (Dykes, 2016). Bundling depends upon rich
internal and external ties of managers and knowledge workers within the firm to
design, communicate to, and gain support for the deployment of capability
configurations (Holcomb et al., 2009; Sirmon et al., 2008). The BDA capability
configuration design requires the mobilization of managerial capabilities at various
manager levels across the breadth and depth of managerial hierarchies, which is a
complex task that requires enormous internal social capital (Malgonde &
Bhattacharjee, 2014). Moreover, in an emerging data economy wherein data
monetization2 is the new buzzword, the TMT will need an extensive network of
external partners, customers, and distributors to operationalize the monetization of
insights generated from BDA (Faroukhi et al., 2020). For example, John Deere has
created a new revenue source through a capability configuration that combines
various datasets such as internal, farmer, and public data sets (e.g., soil type and
weather) with its internal and partner technology infrastructures to provide farmers
with analytic tools such as crop insurance estimators and yield forecasts (Gandhi et
al., 2018). The reconfiguring requires the active exercise of communicating and
ideating with external partners that requires copious amounts of TMT social

2

Involves creating new revenue streams by making data available to customers and partners.
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capital. Finally, the firm-wide implementation and synchronizing of orchestration
across multiple levels is complex, requiring dynamic mobilization and interactions
between managers at various levels that require rich reserves of TMT social capital
(Sirmon et al., 2011). Mobilization can be effected in a top-down or bottom-up
sequence depending on the configuration (Sirmon et al., 2011). For example,
bundling and mobilizing configuration actions that are stabilizing and enriching
rather than pioneering net new firm capabilities could often be delegated to middle
managers. They largely follow the TMT's lead in structuring and leveraging actions
to select a congruent bundling approach. Middle-level managers then supervise the
operational-level managers’ efforts to conform to the strategy. A reconfiguring that
involves pioneering new capabilities through innovative capability combinations
will require more TMT social capital to navigate and pull off (Sirmon et al., 2011).
The resource orchestration literature describes deployment as a series of
processes to coordinate, implement and exploit the firm’s capabilities to capitalize
on market opportunities to gain competitive strategy (Sirmon et al., 2011). In the
BDA context, redeploying consists of coordinating the integration, synchronization,
and physical deployment of the new capability configurations to support a market
strategy to drive competitive advantage (Sirmon et al., 2011). Aligning capability
configuration deployment will require mobilizing downstream managerial
resources to ensure firm-wide coordination and synchronization of capability
configurations' deployment. Even though a firm may have created the most
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effective capability configurations, only through effective coordination and
communication networks to diffuse the knowledge assets that underlie the
capability configurations can be exploited effectively. When deployment happens,
value is created for the firm in the marketplace (Lichtenstein & Brush, 2001).
Herein the TMT’s relational capital in communicating the strategy and
coordinating deployment to enact the strategy is invaluable and cannot be
understated (Sirmon et al., 2007).
Social capital underpins DMCs and impacts the deployment / leveraging
sub-processes in the overall orchestration process (Adner & Helfat, 2003). Social
networks internal to the firm facilitate the sharing of knowledge necessary for
implementation (Hitt & Duane, 2002). The TMT should use their relational skills to
build internal social capital amongst TMT members and managerial hierarchies to
ensure that integration and coordination of capabilities are complete (Sirmon &
Hitt, 2003). Previous research has also demonstrated that TMTs with extensive
social networks tend to outperform those without that advantage and, in many
ways, complement the advantages enjoyed by a diverse or heterogeneous TMT
(Vissa & Chacar, 2009).
In a BDA context, the TMT's role in being able to influence and have
success with strategy implementation depends upon rich network ties of managers
and knowledge workers within the firm to generate insights from big data for
innovative outcomes. The greater, diverse, and appropriable the network, the more
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alternatives, and information can be obtained for firm use (Malgonde &
Bhattacharjee, 2014). This is because an experienced, data-savvy, and cohesive
TMT can often break down the institutional barriers that frequently hamper efforts
to supercharge decisions through data analytics. Using their relational capital, the
TMT can get a diverse group of managers to coalesce around change—encouraging
alignment across a wide phalanx of functions that include IT, business-lines,
analytics, and training experts (Brown et al., 2013). While, in the case of external
monetization of BDA, the TMT will need to ensure tight communication and
coordination with external partners to ensure flawless execution, internal social
capital is particularly relevant as it relates to the ability of the TMT to influence
down the hierarchy to execute reconfiguring/redeploying through alignment and
coordination.
Hypothesis 5(H5): TMT social capital is positively related to BDA
reconfiguring/redeploying
In the resource management and asset orchestration frameworks
(collectively referred to as resource orchestration), structuring is analogous to the
search and selection of identifying the right opportunities and investing in them,
whereas configuring and deploying involves the seizing and exploitation of those
opportunities to gain value through the integration and coordination of cospecialized assets to build second-order dynamic capabilities from ordinary
capabilities. Ultimately, the exploitation of these dynamic capabilities through
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configuration/deployment leads to positive firm outcomes (Helfat et al.,2007).
According to the resource orchestration literature, a ‘firm is unlikely to realize
value creation unless it effectively leverages/uses those capabilities in the
marketplace’ (Sirmon et al., 2007, p. 283). Specifically, mobilization, coordination,
and deployment constitute the three processes of leveraging resource orchestration,
analogous to configuration and deployment (Chirico et al., 2011; Sirmon et al.,
2007). While together these processes realize the potential of the firm to adapt to
strategic change, alignment between resource investment (structuring) and
configuration/deployment is considered one of the key functions through which
managers are expected to generate competitive advantage (Helfat et al., 2007,
Sirmon and Hitt, 2009; Sirmon et al., 2010).
A key strategic function of management is to find new value-enhancing
combinations inside firms and or within their immediate supply chains. Many of
the most valuable assets contained inside any firm are knowledge-related
“intangible assets,” which typically have “no tradable value.” Therefore, it starts
with identifying the right opportunities via BDA and investing in experimentation
to prove the value of those opportunities. After that, the coordination and
integration of such assets through configuration and deployment is concerned with
creating value that cannot be replicated in the markets (Helfat et al., 2007). In a
dynamic situation, the essence of critical managerial functions is therefore likely to
involve activities such as orchestrating complementary and co-specialized assets.
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These are particularly important managerial functions that create value and are,
therefore, key strategic activities performed by executives (Helfat et al., 2007).
However, restructuring is a precursor process to configuring and deploying. In
other words, restructuring, when done right, leads to reconfiguration and
redeployment of the right capabilities that generate firm value.
Hypothesis 6(H6): BDA restructuring is positively related to BDA
reconfiguring/redeploying
Most of the strategic management literature has focused on the fundamental
question of how firms achieve and sustain competitive advantage (Barney, 1991;
Teece et al., 1997). The dynamic capabilities literature undergirded by
organizational routines and managerial resources explains how and why certain
firms, based on their superior ability to integrate, build and reconfigure internal and
external competences in response to a dynamic and ever-changing environment,
extend competitive advantage (Teece et al., 1997; Teece, 2018). By providing a
broad analytical focus on the impact of top and middle managerial action, DMCs
explicitly relate heterogeneity in managerial capabilities to heterogeneity in various
firm performance outcomes – especially in a dynamic external environment.
(Helfat & Martin, 2015). There is empirical evidence showing a direct relationship
between TMT characteristics as playing a role in driving sustainable competitive
advantage by changing strategic direction. However, the exact managerial
processes through which the TMT influence firm outcomes has not been
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unequivocally established from an empirical standpoint, especially in a BDA
context (Mikalef et al., 2020). This research hypothesizes that superior BDA reorchestration processes of restructuring and reconfiguring/redeploying drive
competitive advantage. BDA is a relatively new phenomenon that has a vast
strategic advantage for companies if the TMT employ their DMCs to drive a BDA
strategy that first and foremost 1) restructures the right investments in the right
BDA opportunities, 2) restructuring, in turn, leads to the reconfiguring/redeploying
of the right capability configurations to gain competitive advantage (O’Reilly &
Tushman, 2008).
The three core managerial resources that form the underpinnings of DMCs
and drive an organization's capability base are TMT cognition, TMT human, and
social capital (Adner & Helfat, 2003). In a BDA context, TMT cognition includes
an analytical, data-driven mindset that places the data analysis and facts first and
foremost while making strategic decisions (Davenport & Harris, 2007). Human
capital in the BDA context refers to the knowledge, skills, and experience vested
overall in the TMT. In contrast, social capital refers to the network strength drawn
from internal and external ties and affiliations that allow the TMT to implement its
vision and strategy effectively. According to Adner and Helfat (2003), managerial
human capital, social capital, and cognition do not have independent impacts on
strategic change and performance and express their impact via the TMT's DMCs
(i.e., BDA orchestration). Therefore, ultimately, these TMT resources' collective
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strength drives positive firm outcomes through the effective orchestration of BDA
(Gelatkanycz & Hambrick, 1997). The type and quality of managerial resources
have important empirical implications for firm performance, CEOs and other
managers' selection and training, managerial compensation, and corporate
governance (Castanias & Helfat, 2001).
The TMT will use its managerial resources to take action (DMCs) through
BDA Re-orchestration. BDA Re-orchestration consists of restructuring to search
and sense the right set of emerging opportunities. The seizing and exploitation of
the right set of opportunities through the orchestrating of existing BDA ordinary
capabilities via reconfiguring/redeploying BDA capability configurations will lead
to competitive advantage (Adner & Helfat, 2003; Sirmon et al., 2011). The
fundamental assumption herein is that the firm already possesses first-level or BDA
ordinary capabilities. The TMT’s DMCs enable the firm to upgrade its BDA
capabilities and direct them towards high-payoff endeavors that are especially
valuable in a dynamic environment (Teece, 2018). The literature has established
that firms can maintain and extend competitive advantage by layering dynamic
capabilities on top of ordinary capabilities (Teece, 2012).
However, restructuring by itself without reconfiguring/redeploying omits
the crucial step of exploiting BDA capability configurations (Adner & Helfat,
2003; Sirmon et al., 2011). Competitive advantage through value creation is gained
only when the reconfigured BDA capabilities are leveraged in the marketplace’
76

(Sirmon et al., 2007, p. 283). Therefore, while restructuring enables a firm to sense
and seize opportunities, it is through reconfiguration/redeployment that a firm gains
a competitive advantage.
Although each resource orchestration process is important and vital for
success, resource orchestration's key challenge is to synchronize the processes
(Helfat et al., 2007; Sirmon et al., 2011). Thus, ‘the integration and balancing of
components to ensure harmony in the process are necessary to create value for
customers’ (Sirmon et al., 2007, p. 287). The importance of synchronizing
orchestration processes and the complexity of balancing several processes have also
been confirmed in some empirical studies (Chirico et al.,2011; Huesch, 2013;
Symeonidou & Nicolaou, 2018). Therefore, reconfiguring/redeploying plays a
mediating role in a firm’s ability to achieve competitive advantage.
Hypothesis 7(H7): BDA reconfiguring/redeploying positively mediates the
relationship between restructuring and firm competitive advantage.
The term dynamic in dynamic capabilities and DMCs refers to coping with
the dynamic nature of a firm’s external environment and is a contingency that
impacts the relationship between DMCs and competitive advantage (Arend and
Bromiley, 2009; Jung, Foege, & Nüesch, 2018;). Focus on environmental
dynamism demonstrates the need for firms to continuously adapt and evolve their
strategy to meet market opportunities or resolve threats (Drnevich & Kriauciunas,
2011). Firms that can continuously adapt to fast-changing, turbulent industries are
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more successful in the long run and are an indicator of evolutionary fitness. It
prevents firms from developing rigidities and overcoming inertia (Leonard-Barton,
1992; Rindova and Kotha, 2001). Environmental dynamism is a key contingent
parameter in the dynamic capabilities literature. It suggests that the competitive
advantage gained through organizational capabilities depends upon the level of
dynamism in the external environment (Eisenhardt & Martin, 2000). Empirical
research has shown that dynamic capabilities (and DMCs) contribute more to firm
performance in dynamic environments because they extend, modify, change, and
create ordinary capabilities (in response to environmental dynamism), which
change other routines and ensure that the firm can re-orient strategically
(Eisenhardt and Martin, 2000; Winter, 2003). For example, the importance of
sensing opportunities in a dynamic and changing environment is clearly
emphasized (Aslam et al., 2018; Eckstein et al., 2014). As a result, firms operating
in dynamic environments will benefit from DMCs than in stable environments
since such capabilities enable the firm to adjust to the environment (Eisenhardt,
1989; Helfat et al.,2007). Many prominent researchers have suggested that the
variance of competitive advantage generated via exploiting organizational
capabilities veritably hinges on environmental dynamism. However, prior research
suggests that while moderately dynamic markets follow predictable linear paths,
high-velocity markets exhibit more nonlinear behavior and are unpredictable and
may lead to less predictable outcomes (Chen et al., 2015; Eisenhardt & Martin,
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2000). As a result, any research on DMCs without considering the contingent effect
of environmental dynamism will be incomplete as it will clearly moderate the
relationship between DMCs and competitive advantage (Wamba et al., 2020). This
also makes intuitive sense in the BDA context as firms use BDA as a competitive
differentiator. There is a need to dynamically extend and modify these capabilities
through TMT action via BDA Re-orchestration. Moreover, the actual exploitation
of these capabilities via reconfiguring/redeploying is what creates a competitive
advantage.
And yet, environmental dynamism remains a poorly researched area in the
BDA literature. A recent study looked at the moderating effect of environmental
dynamism on BDA, supply chain agility, adaptability, and firm performance and
found a non-linear, inverse U-shaped relationship (Wamba et al., 2020). Another
study demonstrated the positive moderating of a dynamic environment effect of
BDA usage and firm growth (Chen et al., 2015). The extant literature clearly shows
that a dynamic environment puts pressure on the TMT (the key organizational
decision-makers) quickly evaluate situations and execute effectively, which also
places greater cognitive stress impeding their sense-making and execution abilities.
However, ironically this even further elevates the need for BDA to be the rational
voice for organizational decision-makers when they face such an environment.
Moreover, in a rapidly evolving environment, creating new knowledge becomes
key, and BDA can provide a significant edge herein by creating new insights
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(Cannella, Park, & Lee, 2008; Carmeli, Schaubroeck, & Tishler, 2011; Karimi &
Walter, 2015; Qian, Cao, & Takeuchi, 2012;).
Thus, despite the above equivocal findings, this research posits that a more
dynamic environment will provide greater opportunity for firms to capitalize on
opportunities presented by BDA reconfiguring/redeploying.
Hypothesis 8(H8): Environmental dynamism positively moderates the
relationship between BDA reconfiguring/redeploying and a firm’s competitive
advantage.
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Please see a recap of the research model below.

Figure 5. Research Model
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Chapter 3 - Research Methodology
Research Design
The study is based on a positivist research worldview assuming that the
world of phenomena has an objective reality expressed in causal relationships and
measured with data (Straub et al.,2004). Thus, this research is designed as a
quantitative, multimethod study to empirically quantify the direct effects of the
top management team’s characteristics on BDA resource orchestration, which
drives competitive advantage. According to Tashakkori et al. (2003, p. 11), a
multimethod study is defined as “research in which more than one method or more
than one worldview is used.” Morse (2003) states that multimethod design is the
conduct of two or more research methods, each conducted rigorously and
independently, in one project. In general, the results are triangulated to generate a
holistic understanding. Per Morse’s definition, this research employs a QUAN
(quantitative) + QUAN (quantitative) approach that indicates a quantitatively
driven project that involves collecting different kinds of quantitative data through
multiple means simultaneously (Morse, 2003). Collecting different kinds of data
by different methods from different sources provides a wider range of coverage
that may result in a complete picture of the unit under study than would have been
achieved otherwise (Bonoma 1985). The use of multiple methods increases the
robustness of results because findings can be strengthened through triangulation –
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the cross-validation achieved when different kinds and sources of data converge
and are found congruent (Kaplan and Duchon 1988).

Population and Sampling
This research examined medium to large-sized public companies registered
in the U.S. with revenues of at least $50 million across multiple industries. Also,
judgmental sampling techniques were used to select companies that have invested
in BDA, and at least two years must have elapsed since the initial investment.
Two years timeframe is important since broader performance improvements from
BDA often do not manifest immediately (Bughin, 2016). Judgmental sampling is
a non-probability sampling technique where the researcher selects units to be
sampled based on their knowledge and professional judgment (Raut, 2019). The
data collection was conducted in multiple steps. Based on an a priori power
analysis using the Gpower software, after assuming an alpha set to .05, power set
to .8, and medium effect size (based on prior similar studies in BDA), the right
sample size was determined to be between 100 to 250 firms. As mentioned above,
a multi-method approach using a combination of data sources was used to test the
research model empirically.
The research was conducted in two phases – the pilot and the final phase.
The pilot phase was conducted before the final phase. The survey participants
consisted of the middle management (director and manager level) of the sampled
firms, who were asked to respond to their perception of TMT’s BDA re83

orchestration capability.
During the pilot phase, the survey was administered to middle managers
from companies with active BDA programs and direct knowledge about their
BDA initiatives and performance. The survey respondents were recruited through
BDA-specific groups within LinkedIn.
A reputed New York-based panel data provider and market research firm,
OvationMR, was employed to conduct the survey for the final study phase. The
filter criteria applied to define the final sample set of firms were 1) the
respondent’s company must have invested in and been running BDA initiatives for
at least two years, and 2) surveyed respondents were mid-level managers able to
respond knowledgeably about their company's BDA program.
For both the pilot and final study phases, the respondent’s companies from
the survey were used to hand collect and assemble TMT managerial resources
data. TMT managerial resources data were manually assembled by combining and
collating data from various sources. Only complete responses were retained for
both the pilot and final phases.

Data Collection
To test the research hypotheses, a multimethod approach that used various
data sources was employed to test the research model empirically. TMT DMC
manifested through their managerial resources, viz. cognition, human and social
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capital for the sample companies, was hand collected, validated, and assembled
from TMT educational and leadership work history attributes. The BDA resource
orchestration latent constructs, competitive advantage, environmental dynamism,
and the control variables – viz. firm headcount, industry, length of BDA usage,
were measured using a survey instrument drawn from the literature that employed
scales as-is or adapted for the BDA context. The scales for restructuring and
reconfiguring/redeploying were borrowed from Pavlou & El Sawy’s (2011)
empirical research work on dynamic capabilities and adapted to fit the BDA
context, whereas the scales for competitive advantage and environmental
dynamism were borrowed as-is from the literature (Peters et al., 2016; Wang et
al.,2007). All items for the scale were measured on Likert-type scales with items
ranging from 1= strongly disagree to 5 = strongly agree except for the competitive
advantage scale, ranging from 1 to 9.
The final survey was administered to active and experienced data analytics
savvy managers across the business and technology spectrum. These managers
with active participation in ongoing big data and analytics initiatives were drawn
from various parts of the organization to complete an online survey that gathered
the participant’s perception of TMT’s BDA resource orchestration abilities.
The unit of analysis for the TMT managerial resources and the various
constructs that measure the BDA re-orchestration of restructuring and
reconfiguring/redeploying was at the TMT group level, while competitive
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advantage and environmental dynamism were defined and measured at the firm
level of analysis. Apart from the constructs identified for BDA re-orchestration,
environmental dynamism, and competitive advantage, the survey also gathered
other control variable information on organizational size, length of BDA usage,
industry sector, and BDA organization structure. All research variables were
measured using multi-item scales and operationalized as first-level reflective
measures. Each construct in the research model and its respective data collection
method is identified in Table 2 below.
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Data Collection Methods
Table 2: Construct-Data Collection Method Mapping
Construct

Data Source

Analysis Level

TMT Managerial Resources
TMT Cognition
TMT Human Capital
TMT Social Capital

Secondary Data
Sources – Company
10k & web site,
LinkedIn,
Bloomberg,
Relsci.com
Survey Instrument

TMT-Level

Survey Instrument

Firm-level

Survey Instrument

Firm-level

Survey Instrument

Firm-level

BDA Re-Orchestration
Restructuring
Reconfiguring/Redeploying
Moderating Variable
Environmental Dynamism
Control Variables
Firm Size
Industry
Length of Firm BDA
Usage
Presence of CDO
Dependent Variable
Competitive Advantage

TMT-Level

Secondary Data Collection
TMT Managerial Resources
TMT member data was obtained from Company 10k and website,
LinkedIn, and augmented with Bloomberg, and a paid service - Relsci.com, which
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contains verified information on key company decision-makers aggregated from
various sources. These sources were employed to assemble work history,
professional network, and TMT member tenure overlap data.
TMT generally consists of the top-ranking executives of the firm
responsible for the entire enterprise's performance. The Upper Echelons Theory
literature does not specify positions or titles. Since this may vary from company to
company, for this research, TMT was construed as those generally responsible for
defining strategy, including BDA strategy, setting the organization's vision and
mission, and comprises of a firm’s top leaders. Accordingly, this research will use
all executives named in the Board section of the Annual report to be TMT
members with primary responsibility for overall management strategy and
operations. Thus, in addition to the Chief Executive Officer, members of the Csuite such as the Chief Operations Officer, Chief Finance Officer, Chief
Information or Technology Officer, Heads of Strategy, Marketing, Product,
Innovation, Engineering or R&D, etc., will be considered as the TMT members
(Cannella & Holcomb, 2005; Silverman, 2015). All the items used to measure
TMT managerial resources are operationalized as first-level reflective measures.
All TMT Managerial Resources measurements are detailed in Appendix 2.
Measures
TMT Analytic Cognition
Analytic cognition can be defined as a type of TMT managerial cognition
derived from a deep intuitive understanding of the business combined with a data88

driven mindset. It demonstrates a set of beliefs and decision-making mode that is
based on data insight. A TMT with a preponderance of quantitative-focused
educational qualifications, such as engineering, economics, statistics, or
technology, could indicate an analytic mindset. Moreover, the hiring and presence
of a Chief Data Officer or Analytics Officer (CDO / CAO) within the Upper
Echelons of the firm indicate a very analytically minded TMT that makes a datadriven culture a priority.
A shared prior experience amongst the TMT members is common and is
often used as an observable proxy of managerial cognition (Caro, 2018; Townsend
& Busenitz, 2014). It can enable the top management team to make quick and
unified strategic decisions (Kor & Misangyi, 2008). This research also considered
the average number of companies and the average number of years where the
TMT members have worked together previously. Additionally, a measure referred
to as pre-tenure overlap was calculated as the number of years of prior shared or
co-working experience by pair comparison using the sum of the minimums
(Zheng, 2012).
TMT Human Capital
The literature has conceptualized human capital as the knowledge and
learned skills that individuals develop through their education, prior experience,
and training (Becker, 1964). Types of past experiences provide diversity in the
breadth of knowledge and the skills to further develop managerial human capital
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that underlies DMCs within a firm (Kor & Mesko, 2013; Martin, 2011). Previous
research has operationalized general human capital as 1) years of education, 2)
experience – both breadth and depth, 3) heterogeneity (also known as diversity).
Level of knowledge will be measured by considering educational qualifications (1
= no higher/university studies; 2 = higher/university studies, such as bachelor’s
degree; 3 = master’s degree or similar; 4 = PhD). The proportion of TMT
members with postgraduate studies and the average education level of TMT will
be considered (Caro, 2018).
Two dimensions of experience: depth and breadth, were employed to
measure TMT human capital (Haynes and Hillman, 2010). The depth of the
TMT’s experience was calculated as the mean of the years the TMT has worked in
the company, the same corporate group, the same industry, and other industries.
The breadth of experience is the mean of the number of companies in which TMT
members have served in the company, the same corporate group, the same
industry, and other industries.
The managerial human capital framework provides a means to assess
heterogeneity in managerial skills. The TMT may differ in the mix of their skills
and their level of ability in each type of skill (Adner and Helfat, 2003). This can
be studied by examining the acquisition and breadth of knowledge and experience.
Past experiences provide access to diversity or breadth of knowledge. The skills
acquired may then drive the development of the specific types of managerial
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human capital that underlie dynamic managerial capabilities (Kor & Mesko, 2013;
Martin, 2011).
Managerial Social Capital
Managerial social capital involves managers’ abilities to access resources
through relationships and connections (Kwon & Adler, 2014). There are two main
types of social capital: internal and external, and each contributes differently to the
TMT's strength (Tian et al., 2011). Internal social capital is defined in terms of the
TMT member’s co-working experience. Consistent with previous research
(Barkema & Shvyrkov, 2007; Tian et al., 2011), a TMT’s co-working experience
was calculated as the overlap in team tenures. External social capital opens the
gateway to access external resources. The literature has operationalized external
social capital as ties in the form of directorships of other companies (interlocks)
by strategy researchers analyzing managers' social capital. Thus, external social
capital was measured as the total number of interlocks (directorships) that the
TMT holds in other companies (Caro, 2018).

Survey Instrument
A survey instrument was employed to measure the remaining independent
and dependent variables, moderator, and control variables in this research. The
survey instrument items are listed in Appendix 3.
BDA re-orchestration - BDA restructuring & BDA reconfiguring/redeploying
BDA re-orchestration consists of BDA restructuring, BDA
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reconfiguring/redeployment constructs. Data collection for each of these
constructs was administered to BDA middle managers involved in developing or
deploying BDA applications within the target sample through a survey
questionnaire. Middle management is an intermediate management level in most
hierarchical organizations and is responsible for carrying out the goals set up by
the TMT. They either directly or indirectly report to the TMT and usually hold
titles such as General manager, Directors, Senior Managers, Managers, etc. The
survey was administered to middle managers involved and able to speak
knowledgeably about their company’s BDA initiatives. Overall, it was anticipated
that there would be around 100-250 participants with at least one manager per
firm. Participation was completely voluntary, and the participants were not
provided any compensation. The participant's sole requirement was an advanced
level involvement in managerial aspects of data analytics (other than the TMT)
and big data effort in an organization with an ongoing data analytics program.
The survey instrument used to measure the constructs have all been
borrowed from the extant literature and either adopted as-is or adapted to fit the
research context. All the survey items for restructuring and
reconfiguring/redeploying (BDA Re-orchestration constructs) were designed to be
statements about the participant organization’s TMT capabilities, as adapted from
Pavlou & El Sawy (2011) to fit the BDA context. The participant was asked to
express their agreement on a five-point Likert scale (Revilla, Saris, & Krosnick,
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2014).
Competitive Advantage (Dependent Variable)
The dependent variable (DV) competitive advantage is defined as superior
firm performance relative to competitors (Peters et al., 2016). Literature reveals
that the achievement of competitive advantage manifests itself in improved
organizational financial performance (Akhtar et al., 2013). Borrowed as-is from
the extant literature, the dependent variable was measured via the survey
instrument (Peters et al., 2016). The respondents were asked to rate their firm’s
performance since the adoption of BDA relative to competitors across three
dimensions: (1) sales growth; (2) market share; and (3) profitability. This
approach controls performance differences due to industry, environmental, and
strategy effects (Garg, Walters, & Priem, 2003). Such subjective performance
measures are common in the information systems literature (Bhatt and Grover,
2005; Oh & Pinsonneault, 2007; Ravichandran & Lertwongsatien, 2005).
Subjective and objective financial performance measures have been found to
correlate highly and provide similar results in partial least square (PLS) modeling
(Rai, Patnayakuni, & Seth, 2006).
Environmental Dynamism (Moderator Variable )
The scale employed to measure environmental dynamism was borrowed
and used as-is from the literature (Wang et al., 2007). As described in the extant
literature, the scale contains four items as key environmental factors, which
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consider the effect of the industrial environment, competitor behaviors,
technological progress, and customer demands (Dess & Beard, 1984; Li & Liu,
2014).
Control Variables
There are variables outside the study's scope that potentially have known
effects or are conceptually meaningful as control variables (Becker et al., 2015).
This study controlled for firm size, industry, the length of the firm’s BDA usage,
and the presence or absence of a Chief Data Officer. The firm's size is a measure
of resource adequacy, which is has been known to positively relate to success
measures for most R&D or innovation efforts such as BDA (Weiss, Hoegl, &
Gibbert, 2017). Firm size is generally operationalized by considering the number
of employees within an organization. Moreover, firm size has been found to
systematically influence competitive advantage (Baum & Wally, 2003; Garg et al.,
2003). The IT literature has demonstrated that industry-level factors are important
variables when considering BDA's impact on firm outcomes. High informationintensive industries such as financial services, insurance, retail, healthcare, etc.,
especially report a more positive impact of IT investments on firm performance
than those from low information-intensive industries such as construction or
manufacturing (Stiroh, 2001). Length of BDA usage has also been established to
influence product innovation that is a direct result of resource reconfiguration
(Baker, Grinstein, & Harmancioglu, 2015). The presence of a Chief Data Officer
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(CDO) may also have a role in the organization's maturity related to BDA
orchestration.

Research Analysis
Since the conceptualized research model is a complex arrangement that
involved multiple methods and latent constructs, the analysis used partial least
squares (PLS) based structural equation modeling (SEM) to test the hypothesized
relationships (Ringle et al., 2012). PLS-SEM is suitable for research models that
employ complex relationships with many constructs and indicators (Henseler,
Ringle & Sinkovics 2009). It also ensures greater theoretical parsimony and less
model complexity to estimate the hierarchical model (Edwards, 2001; Wetzels et
al., 2009). The model employed two first-order reflective constructs: (1)
restructuring and (2) reconfiguring/redeploying, in keeping with the manner it has
been theorized.
An initial pilot study was conducted to verify the latent constructs'
reliability, convergent, and discriminant validity for restructuring and
reconfiguring/redeploying, competitive advantage, environmental dynamism, and
the TMT managerial resources through Exploratory Factor Analysis (EFA). For the
pilot study, participant BDA managers were recruited through LinkedIn
professional, data analytics, big data, data science special interest groups. Although
the goal was to obtain about 50 respondents, only 29 responses were obtainable.
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The ongoing pandemic has upended and disrupted daily life, perhaps contributing
to the low response rates.
The final study survey was distributed amongst managers associated with
data and analytic teams in US and Canadian publicly traded companies and at
least two years of investment in a BDA program. The rationale here is that
developing, and more importantly, exploiting BDA capabilities takes time to yield
results (Cowell, 2019). The final step entailed assembling the TMT characteristics
for these companies by collecting and cleaning data from the sources detailed in a
prior section.

Reliability and Validity Analysis
As mentioned previously, the survey questionnaire items used for
measuring BDA restructuring, reconfiguring, and redeploying, environmental
dynamism, and competitive advantage have been selected a priori from the extant
literature. Exploratory and Confirmatory factor analysis was performed initially
through a pilot study to boost the study's reliability. Cronbach’s alpha and
composite reliability test results within the recommended range were checked for
each construct to ensure reliability. Each construct’s average variance (AVE) was
checked to ensure it is within the recommended range to satisfy the convergent
validity requirement. To evaluate the constructs' discriminant validity, the
approach recommended by Fornell & Larcker (1981) was employed. This
approach checks that each construct’s AVE is greater than the squared correlation
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between each pair of constructs in the model (Fornell & Larcker, 1981).

Method Bias
One potential issue in having a single respondent assess both predictor and
criterion variables is common-method bias. All precautions were taken through
the specificity of the items and different scale anchors to reduce such bias
considerably. A pilot study was undertaken to ensure survey items were clear and
understandable. Furthermore, tests were performed in the final study to check
whether common-method bias was of concern.
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Chapter 4 – Results
Pilot Study Results
During the pilot phase, the survey was administered to middle managers
from companies with active BDA programs and direct knowledge about their BDA
initiatives and performance. The survey respondents were recruited through BDAspecific groups within LinkedIn. The pilot phase survey yielded 29 complete
responses. After that, the data on the education and work history of the TMT
members of the companies included in the sample was manually assembled and
collated from multiple sources mentioned in the data collection section above.
Significant efforts were expended in cross-validating the data across the various
sources to increase integrity. An exploratory factor analysis (EFA) was conducted
in SPSS on the TMT data to understand the principal factors constituting the
managerial resources, BDA reorchestration latent constructs, and the dependent
variables. The method used was principal components with varimax-orthogonal
rotation as this provided the easiest interpretation and the easiest scoring rules or
interpretation of factor scores. Also, Kaiser Normalization was applied. After a
trial, error, and elimination process, the EFA converged and yielded five factors
with an eigenvalue greater than one.
EFA results for the pilot are in Table 3 below. As depicted, variables that
loaded on MC (Managerial Cognition) are prior shared experience, the number of
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companies co-working, and pre-tenure overlap. The literature has demonstrated that
a shared career increases team cohesion and enables TMT members to be agile and
unified in strategic decision-making (Baum & Wally, 2003; Eisenhardt &
Schoonhoven, 1990; Kor, 2003). Unfortunately, a quantitative educational
background and CDO presence in the TMT proposed as additional measures of
managerial cognition did not load on any of the factors.
Variables that loaded on HC (Human Capital) were the proportion of TMT
members with at least a postgraduate degree and the knowledge level, measured as
the overall average education level of the TMT members. Knowledge has been
used as a primary measure of human capital in the literature. Unfortunately, only
the knowledge-related measurements loaded on the factor. While the depth of
experience variable loaded on social capital as explained below, all other candidate
variables, such as the breadth of experience and heterogeneity, did not load on any
of the factors.
The items that loaded on SC (Social Capital) were the depth of experience
(measured as the same firm, corporate group, and industry experience) and tenure
overlap. Depth of experience was originally proposed as a measure of human
capital. However, it makes sense that depth of experience within the same firm,
group, or industry could also serve as a source of internal social capital. The
literature has also confirmed this view and is replete with instances wherein many
researchers have considered human and social to be a whole together (Adner &
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Helfat, 2003; Geletkanycz et al., 2001; Nielsen, 2014). External social capital
failed to load on social capital. In the context of BDA, this is acceptable
considering that internal social capital is more relevant to getting a BDA strategy
implemented (Pathak,2018). For a detailed listing and example calculations of the
variables considered for measuring the TMT managerial resources, please refer to
Appendix 2.
EFA was also conducted on the survey responses for the BDA Reorchestration constructs – restructuring and reconfiguring/redeploying. All survey
variables were measured using multi-item scales and operationalized as first-level
reflective measures (see Appendix 3). This analysis yielded results that showed no
items loading for restructuring. After further analysis, the scales were adjusted to
better reflect the BDA context's constructs before conducting the final survey. The
scale items used in both the phases are available in Appendix 3.
The overall Kaiser-Meyer-Olkin measure of sampling adequacy was 0.537,
just marginally above the commonly recommended value of 0.5 (Hair et al., 2010),
and Bartlett’s test of sphericity was significant (χ2 (136) = 569.19, p = .000).
Principal components analysis, using equamax rotations, was used as the factor
extraction method. The exploratory factor analysis revealed that five factors
explained 90.61% of the total variance. The exploratory factor analysis is presented
in the table below.
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Table 3: Pilot Study Exploratory Factor Analysis
MC
0.942
0.924
0.953

HC

SC

RC/RD

CA

AC2_SPE
AC3_SPC
AC5_PTO
HC1_KNH
0.949
HC2_KNL
0.921
HC4_SFE
0.959
HC5_SGE
0.968
HC6_SIE
0.893
SC1_INT
0.941
RC1
0.821
RC4
0.893
RD1
0.874
RD2
0.886
RD3
0.888
DV1-SAL
0.927
DV2-MKT
0.926
DV3-PRO
0.920
Extraction Method: Principal Component Analysis.
Rotation Method: Equamax with Kaiser normalization
AC2_SPE-Shared Prior Experience (Years), AC3_SPC-Shared Prior
Experience (Companies),
AC5_PTO-Pre-tenure Overlap,
HC1_KNH-% of Higher Education, HC2_KNL-Average Education
Level
HC4_SFE-Same Firm Experience, HC5_SGE-Same Group Experience
HC6_SIE-Same Industry Experience, SC1_INT-Internal Social Capital,
RC1-Reconfiguring Item1, RC4-Reconfiguring Item4, RD1-Redeploying
Item1, RD2-Redeploying Item 2, RD3-Redeploying Item 3,
DV1-SAL-Dependent Variable Sales, DV2-MKT-Dependent Variable
Market Share, DV3-PRO-Dependent Variable Profitability
MC-Managerial Cognition, HC-Human Capital, SC-Social Capital,
RC/RD-Reconfiguring/Redeploying, CA-Competitive Advantage
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Final Study Results
The final survey resulted in 160 responses after filtering/screening for
records that did not meet the minimum revenue and years in analytics/analytics
experience criteria. Throughout the survey, attention filters were placed to ensure
that the respondents were not blindly clicking through the questions or selecting the
same value. This helped minimize the measurement error in the variables, thereby
further increasing the reliability of the measures. Out of the 160 responses, 22
responses were identified as duplicate responses for the same company entity.
While de-duping, the most common or repeated response amongst the duplicates
was selected for the categorical variables. For the scalar/ordinal variables such as
restructuring and reconfiguring/redeploying, competitive advantage, and
environmental dynamism, the mean of the responses was computed. This resulted
in a total of 138 complete and viable responses in the final dataset.
The final study was then completed using a combination of SPSS for the
descriptive statistics, exploratory factor analysis (EFA), and SMART-PLS 3.0
(Partial least Squares) for the confirmatory factor analysis (CFA) and structural
equation modeling. Variance-based Partial Least Squares (PLS) is a statistical
technique that is very suitable for information systems research (Roldán &
Sánchez-Franco, 2012). SMART-PLS 3.0 is a component-based structural equation
modeling (SEM) software that uses PLS and is often used for CFA and path model
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analysis. It works well for complex models using multidimensional latent
constructs and a relatively small sample set (Diamantopoulos & Winklhofer, 2001).
The descriptive statistics of the sample frame are in Table 4 below.
Table 4: Descriptive Statistics of Sample Frame
Annual Revenue

Number Percentage

Under $50 Million
$50 Million - $250 Million
$250 Million - $ 500 Million
$500 Million - $1 Billion
$1 Billion - $5 Billion
Over $5 Billion

2
51
46
29
2
8
138

1.45%
36.96%
33.33%
21%
1.45%
5.80%

21
68
31
18
138

15.22%
49.28%
22.46%
13.04%

16
21
7
23
11
45
15
138

11.59%
15.22%
5.07%
16.67%
7.97%
32.61%
10.87%

Number of Employees
101- 1,000
1001 - 10,000
10,001 - 50,000
Greater than 50,000
Primary Industry
Service
Manufacturing
Retail
Financial
Healthcare
Technology
Other
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Measurement Model
To assess the measurement model, the reliability, convergent, and
discriminant validity of the BDA Re-orchestration latent constructs and
endogenous variables in the research model was examined first through EFA in
SPSS 27.0 (Hair et al. 1998). The overall Kaiser-Meyer-Olkin measure of sampling
adequacy was 0.894, above the commonly recommended value of 0.5 (Hair et al.,
2010), and Bartlett’s test of sphericity was significant (χ2 (36) = 914.37, p = .000).
Principal components analysis, using Promax rotation, was used as the factor
extraction method. After removing some items due to high cross-loading problems
(removed items are noted in Appendix 3 with an asterisk), the EFA revealed that
two factors explained 75.64% of the variance – restructuring and
reconfiguring/redeploying). In re-examining the Resource Orchestration
framework, it is quite clear that the two-factor resolution makes theoretical sense as
reconfiguring/ redeploying is identified as a single construct under the framework.
The final EFA for the model is shown in Table 5 below.
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Table 5: Final Study Exploratory Factor Analysis
MC
HC
SC
RS
RC/RD
CA
AC2_SPE
0.978
AC3_SPC
0.908
AC5_PT O
0.984
HC1_KNH
0.974
HC2_KNL
0.968
HC4_SFE
0.931
HC5_SGE
0.938
HC6_SIE
0.957
SC1_INT
0.915
Restructuring1
0.822
Restructuring2
0.919
Restructuring3
0.721
Reconfiguring4
0.859
Reconfiguring5
0.881
Redeploying2
0.697
Redeploying3
0.762
Redeploying4
0.908
Redeploying5
0.893
DV1-Sales
0.895
DV2-MarketShare
0.880
DV3-Profitability
0.814
EnvDynamism2
EnvDynamism3
Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser normalization
AC2_SPE-Shared Prior Experience (Years), AC3_SPC-Shared Prior Experience (Companies),

ED

0.874
0.908

AC5_PT O-Pre-tenure Overlap,
HC1_KNH-% of Higher Education, HC2_KNL-Average Education Level
HC4_SFE-Same Firm Experience, HC5_SGE-Same Group Experience
HC6_SIE-Same Industry Experience, SC1_INT -Internal Social Capital,
DV1-SAL-Dependent Variable Sales, DV2-MKT -Dependent Variable Market Share, DV3-PRODependent Variable Profitability
MC-Managerial Cognition, HC-Human Capital, SC-Social Capital, RS-Restructuring
RC/RD-Reconfiguring/Redeploying, CA-Competitive Advantage, ED-Env. Dynamism

After that, the individual factors were examined in confirmatory factor analysis
(CFA) in SMART-PLS 3.0 (see Tables 6 and 7).
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Table 6: Confirmatory Factor Analysis
Cognitio
n

Huma
n
Capita
l

Social
Capita
l

Restructurin
g

Reconfiguri
ng /
Redeploying

Competitiv
e
Advantage

Environment
al Dynamism

AC2_SPE
0.988
AC3_SPC
0.950
AC5_PT O
0.974
HC1_KNH
0.977
HC2_KNL
0.972
HC4_SFE
0.977
HC5_SGE
0.969
HC6_SIE
0.867
SC1_INT
0.964
Restructuring
1
0.853
Restructuring
2
0.924
Restructuring
3
0.888
Reconfiguring
4
0.859
Reconfiguring
5
0.858
Redeploying2
0.815
Redeploying3
0.838
Redeploying4
0.904
Redeploying5
0.870
DV1-Sales
0.895
DV2MarketShare
0.901
DV3Profitability
0.917
EnvDynamis
m2
0.965
EnvDynamis
m4
0.808
AC2_SPE-Shared Prior Experience (Years), AC3_SPC-Shared Prior Experience (Companies),
AC5_PT O-Pre-tenure Overlap,
HC1_KNH-% of Higher Education, HC2_KNL-Average Education Level
HC4_SFE-Same Firm Experience, HC5_SGE-Same Group Experience
HC6_SIE-Same Industry Experience, SC1_INT -Internal Social Capital,
DV1-SAL-Dependent Variable Sales, DV2-MKT -Dependent Variable Market Share, DV3-PRO-Dependent
Variable Profitability
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Table 7: Confirmatory Factor Analysis
Cognition

Human
Capital

Social
Capital

Restructuring

Reconfiguring
/Redeploying

Competitive
Advantage

Environmental
Dynamism

AC2_SPE

0.988

-0.050

-0.215

0.109

AC3_SPC

0.950

-0.051

-0.303

0.094

-0.032

0.012

0.096

-0.045

-0.021

AC5_PTO

0.974

-0.023

-0.200

0.080

0.101

-0.013

0.018

0.085

HC1_KNH

-0.040

0.977

HC2_KNL

-0.043

0.972

-0.093

0.068

0.185

0.188

0.062

-0.150

0.101

0.147

0.135

-0.014

HC4_SFE

-0.334

HC5_SGE

-0.291

-0.129

0.977

0.107

0.122

0.209

0.061

-0.150

0.969

0.109

0.099

0.191

0.091

HC6_SIE
SC1_INT

-0.018

-0.042

0.867

0.127

0.103

0.171

0.090

-0.277

-0.144

0.964

0.120

0.147

0.190

0.054

Restructuring1

0.108

0.005

0.093

0.853

0.543

0.504

0.262

Restructuring2

0.089

0.134

0.116

0.924

0.573

0.462

0.226

Restructuring3

0.084

0.084

0.117

0.888

0.641

0.484

0.148

Reconfiguring4

-0.175

0.158

0.052

0.554

0.859

0.518

0.251

Reconfiguring5

-0.162

0.152

0.154

0.555

0.858

0.514

0.246

Redeploying2

0.004

0.121

0.123

0.579

0.815

0.580

0.220

Redeploying3

0.090

0.177

0.098

0.552

0.838

0.588

0.201

Redeploying4

0.063

0.146

0.082

0.573

0.904

0.580

0.252

Redeploying5

0.007

0.126

0.144

0.590

0.870

0.509

0.251

DV1Sales

0.011

0.163

0.166

0.502

0.551

0.895

0.260

DV2MarketShare

0.042

0.120

0.195

0.520

0.538

0.901

0.218

DV3Profitability

-0.038

0.168

0.185

0.456

0.643

0.917

0.243

EnvDynamism2

0.094

0.029

0.105

0.268

0.272

0.293

0.965

0.131

0.808

EnvDynamism4
0.057
0.014
-0.006
0.096
0.208
AC2_SPE-Shared Prior Experience (Years), AC3_SPC-Shared Prior Experience (Companies),
AC5_PTO-Pre-tenure Overlap,
HC1_KNH-% of Higher Education, HC2_KNL-Average Education Level
HC4_SFE-Same Firm Experience, HC5_SGE-Same Group Experience
HC6_SIE-Same Industry Experience, SC1_INT -Internal Social Capital,

DV1-SAL-Dependent Variable Sales, DV2-MKT-Dependent Variable Market Share, DV3-PRO-Dependent Variable
Profitability
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Reliability and Convergent Validity
Reliability checks were also performed. Cronbach’s α for each construct
was well above the recommended value of .70 (Hair et al. 1998) and ranged from
0.769 (Environmental Dynamism) to 0.969 (Cognition). Composite reliability
ranged from 0.883 (Environmental Dynamism) to 0.96 (Cognition). Each
construct’s average variance extracted (AVE) exceeded 0.50 (Chin 1998; Fornell
and Larcker, 1981) and ranged from 0.736 (Reconfiguring / Redeploying) to 0.950
(Human Capital), satisfying the requirement for convergent validity (See Table 8).
Table 8: Convergent Validity & Reliability

Cognition
Human Capital
Social Capital
Restructuring
Reconfiguring /
Redeploying
Comp. Advantage
Env. Dynamism

Cronbach's
Alpha
0.969
0.947
0.959
0.866
0.928
0.889
0.769

Composite
Reliability
0.980
0.974
0.971
0.918

Average
Variance
Extracted (AVE)
0.942
0.950
0.893
0.790

0.943
0.931
0.883

0.736
0.818
0.792

Discriminant Validity
Discriminant validity ensures that a construct measure is empirically unique
and represents the phenomena of interest that other measures in a structural
equation model do not capture (Hair et al. 2010). Discriminant validity was
established using the approach recommended by Fornell & Larcker (1981) by
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demonstrating that the square root of the average variance extracted for each latent
construct exceeds the correlation it has with other constructs (see Table 9) and via
the heterotrait-monotrait ratio of correlations (HTMT) (see Table 10). A novel
approach for assessing discriminant validity, HTMT is a measure of similarity
between latent variables. If the HTMT is smaller than one, discriminant validity
can be regarded as established. In many practical situations, a threshold of 0.85
reliably distinguishes between those pairs of latent variables that are discriminant
valid and not. Altogether, these results show acceptable construct reliability,
convergent and discriminant validity levels (Henseler, Ringle & Sarstedt, 2014).
Table 9: Discriminant Validity
Cognition

Competitive
Advantage

Cognition

0.971

Competitive
Advantage

0.003

0.905

Environmental
Dynamism

Human
Capital

Reconfiguring
/ Redeploying

Restructuring

Environmental
Dynamism
Human
Capital

0.090

0.266

0.890

-0.042

0.168

0.027

0.974

Reconfiguring
/ Redeploying

-0.031

0.642

0.276

0.171

0.858

Restructuring

0.105

0.542

0.235

0.086

0.662

0.888

Social Capital

-0.244

0.201

0.077

-0.123

0.127

0.123
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Social
Capital

0.945

Table 10: Discriminant Validity – HTMT
Cognition

Comp.
Advantage

Env.
Dynamism

Human
Capital

Reconfiguring
/ Redeploying

Restructuring

Social
Capital

Cognition
Comp. Advantage

0.036

Env. Dynamism

0.097

0.284

Human Capital

0.044

0.180

0.052

Reconfiguring /
Redeploying

0.108

0.701

0.316

0.181

Restructuring

0.115

0.622

0.252

0.102

0.735

Social Capital

0.263

0.218

0.083

0.131

0.133

0.134

Common Method Bias
“Common method bias, in the context of PLS-SEM, is a phenomenon that is
caused by the measurement method used in a SEM study and not by the network of
causes and effects in the model being studied. For example, the instructions at the
top of a questionnaire may influence the answers provided by different respondents
in the same general direction, causing the indicators to share a certain amount of
common variation. Another possible cause of common method bias is the implicit
social desirability associated with answering questions in a questionnaire in a
particular way, again causing the indicators to share a certain amount of common
variation.” (Kock, 2015, p.2). Since the independent (BDA re-orchestration
constructs) and dependent variables (competitive advantage) were gathered via the
same self-reported, survey method, common method bias (CMB) could be a
concern in this study. As recommended by Podsakoff et al. (2003), both procedural
and statistical remedies were applied to mitigate the common method bias threat.
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Procedural remedies included psychologically separating the measurements of
criterion and predictor variables on different pages of the survey. Moreover,
respondents’ anonymity was protected, and measures were taken to assure the
respondents that there were no right or wrong answers.
Statistical remedies included assessing common method bias using
Harman’s single factor test. Harman’s single factor test suggests that if a single
factor explains significant covariance (greater than 50%) among variables, it
implies common method bias. Harmon’s single factor test was conducted in SPSS.
The results showed that the single factor, un-rotated principal axis factoring
analysis explained 48.56% of the variation in the data, which is below the
recommended 50 percent threshold (Podsakoff and Organ 1986).
Since the above test yielded borderline results, another remedy was used to
verify CMB. This remedy is often employed in studies using PLS-SEM and
examines the latent constructs' full collinearity variance inflation factors (VIF). The
occurrence of a variance inflation factor greater than 3.3 is proposed as an
indication of pathological collinearity and indicates that a model may be
contaminated by common method bias. Therefore, if all VIFs resulting from a full
collinearity test are equal to or lower than 3.3, the model can be considered free of
common method bias. (Kock, 2015). This test was conducted for all latent
constructs gathered via the survey instrument: restructuring,
reconfiguring/redeploying, competitive advantage, and environmental dynamism.
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The results showed that the study was free of method bias (See Table 11)
Table 11: Common Method Bias – Collinearity Statistics (VIF)
Competitive
Advantage

Environmental
Dynamism

Reconfiguring/Redeploying

Competitive Advantage
Environmental Dynamism
Reconfiguring/Redeploying
Restructuring

1.093
2.236
2.190

1.000
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Restructuring

Structural Model
Once there was a confirmation that the constructs measures are reliable and
valid, the next step of the analysis examined the structural model results. The
structural model reflects the paths hypothesized in the research framework and is
assessed based on the R2, Q2, and significance of paths. PLS Bootstrapping
technique was used with 5000 resamples (Chin et al. 2003) to analyze the structural
model, which also generates 95% confidence intervals. Table 12 below summarizes
the path coefficients and other model statistics. The first essential criterion for
assessing PLS structural equation model endogenous latent variable (LV) is the
analysis of the coefficient of determination (R²) (Urbach & Ahlemann, 2010). The
structural model testing results are presented in Table 12, and a graphical
presentation is shown in Figure 6. The table shows the values of the coefficient of
determination R² for each endogenous variable. Restructuring had an R² value of
0.047 (4.70%), and reconfiguring/redeploying, had an R² value of 0.547 (54.7%).
The last endogenous variable of the research model, competitive advantage,
attained an R² value of = 0.477(47.7%). Also reported are the bias-corrected
confidence intervals for the path coefficients.
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Table 12: Structural Model Results
Path
Coefficient

T-Statistics

P-Value

2.50%3

97.50%

Outcome

MC->RS

0.152

2.007

0.045**

0.006

0.303

Supported

HC->RS

0.114

1.189

-0.071

0.304

H3

HC->RC/RD

0.135

2.035

0.042**

0.000

0.261

Not
Supported
Supported

H4

SC->RS

0.174

2.218

0.027**

0.016

0.323

Supported

SC->RC/RD

0.041

0.765

-0.067

0.145

RS->RC/RD

0.566

7.271

0.402

0.707

Not
Supported
Supported

RS->RC/RD->CA

0.555

8.169

0.422

0.688

Supported

Hypothesis

H1
H2

H5
H6

Relationship

H7

0.234

0.444
0.000***
0.000***

Controls
Years in Analytics>RC/RD

0.405
0.832

Has CDO->RC/RD

3.616

0.000***

Firm Size->CA

1.436

0.151

Industry->CA

1.593

0.111

Moderation Effects
H8

RC/RD*ED

-0.184

2.463

R2

Q2

RS

0.047

0.028

RC/RD

0.547

0.388

0.014**

Supported

CA
0.478
0.368
MC-Managerial Cognition, HC-Human Capital, SC-Social Capital, RS-Restructuring, RC/RDReconfiguring/Redeploying, CA-Competitive Advantage, ED-Env. Dynamism
**P-value < .05, ***P-value <0.001

3 This study uses the studentized bootstrap method. The studentized bootstrap confidence interval is computed similar to a confidence interval
based on the t-distribution, except that the standard error is derived from the bootstrapping results. For example, if an outer weight w1 has a
bootstrap standard error (s e w 1 *), then the corresponding approximate 100 · (1 – α) % confidence interval is [ w 1 − t ( 1 − α / 2 )  s e w 1 *
; w 1 + t ( 1 − α / 2 )  s e w 1 * ] , where t(1−α/2) stems from the t distribution table. If the probability of error is 5% (i.e., α = 0.05), then
t(1−α/2) = t0.975 = 1.96. Thus, the lower bound of the bootstrap confidence interval is w1 −1.96se w 1 *, and the upper bound is w1+1.96 
se w 1 * (i.e., [w1−1.96  se w 1*; w1+1.96  se w 1*]). For example, assume that an outer weight of an indicator in a formative measurement
model has the value 0.306 and a bootstrap standard error of 0.083. The lower bound of the 95% bootstrap confidence interval has a value of
0.306 – 1.96 · 0.083 = 0.143, while the upper bound has a value of 0.306 + 1.96 · 0.083 = 0.469. Thus, the 95% bootstrap confidence interval is
[0.143, 0.469]. Since zero does not fall in this confidence interval, we conclude that the outer weight of 0.306 is significant at the 5%
probability of error level (Joseph F. Hair et al., 2016).
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Figure 6. PLS Path Estimation Results
Structural Model Results Analysis
Hypotheses were tested to ascertain the significance of hypothesized
relationships. Six of the eight hypotheses were supported. H1 posited that TMT
cognition positively impacts restructuring. As shown in Table 12, the path
coefficient is 0.152 (p-value<.05), which demonstrates that TMT cognition does
have a positive impact on restructuring. H2 proposed that TMT human capital
positively impacts restructuring. This hypothesis was not supported, suggesting that
TMT human capital may not play a role in restructuring. H3 evaluated whether
TMT human capital positively impacts reconfiguring/redeploying. This hypothesis
was supported (path coefficient: 0.135, p-value<.05), indicating that TMT human
capital may play a role in reconfiguring/redeploying. H4 proposed that TMT social
capital positively impacts restructuring. This Hypothesis was supported (path
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coefficient: 0.174, p-value<.05), suggesting that TMT social capital will positively
impact restructuring. H5 that proposed TMT social capital positively impacted
reconfiguring/redeploying was not supported. H6 posited that restructuring
impacted reconfiguring/redeploying. This hypothesis was supported (path
coefficient: 0.566, p-value<.01), suggesting that restructuring is a vital precursor to
reconfiguring/redeploying. H7 posited that reconfiguring/redeploying fully
mediated restructuring and competitive advantage, and this hypothesis was
supported. Detailed mediation analysis is presented below in Table 13. H8 posited
that environmental dynamism moderates the reconfiguring/redeploying and
competitive advantage. Higher the level of environmental dynamism, the more
positive the relationship between reconfiguring/redeploying and competitive
advantage. Moderation analysis is presented below in Figure 7.
Mediation Analysis
Mediation analysis was performed to assess the mediating role of
reconfiguring/redeploying between restructuring and competitive advantage by
comparing the direct and indirect effect of restructuring on competitive advantage.
The results (Table 13) revealed that reconfiguring/redeploying fully mediates the
relationship between restructuring and competitive advantage as the direct effect
was insignificant (coefficient = .215, p-value = 0.203) while the indirect effect was
statistically significant (coefficient = 0.330, p-value = 0.003).
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Table 13: Mediation Analysis Results
Mediation

RS - > CA

Direct
Effect

0.215

Indirect
Effect

Significance

0.203

RS - > RC/RD - >
CA

0.330

Significance
0.003**

RS-Restructuring, RC/RD - Reconfiguring/Redeploying, CA- Competitive Advantage
**P-value < .05, ***P-value < 0.001

Moderation Analysis
Hypothesis 8 posited that environmental dynamism positively moderates
the relationship between reconfiguring/redeploying and competitive advantage.
Moderating or interaction effects for reflective constructs were modeled in PLS
using the Chin et al. (2003) product indicator approach. This method specifies that
both the predictor and moderator constructs should be modeled with direct effects
to the dependent latent variable. The interaction effect is modeled as another latent
variable whose indicators are created by multiplying the predictor and moderator
variables' indicators. The product indicators are calculated by performing all
pairwise multiplications between the manifest variables of the predictor and the
moderator. These product indicators are then loaded onto a latent variable and
related to the dependent variable to model the interaction effect (Chin et al., 2003).
This hypothesis was found to be statistically significant (coefficient = -0.184, pvalue = 0.014) (see Table 12).
Chin et al. (1998) recommend following a hierarchical process to test for
interaction effects in PLS. In this process, the results of two models (i.e., one with
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and one without the interaction construct) are compared. One can also compare the
R² for the interaction model with the R² for the main effects model, which excludes
the interaction construct. The difference in R-squares is used to assess the overall
effect size f² for the interaction. Cohen's f 2 value is computed as (R2 (interaction model) R2 (main effects

model)

/ (l - R2 (main effects

model)).

An effect size of 0.02 is small, 0.15 is

medium, and 0.35 is large (Cohen 1988). It is important to understand that a small
f² does not necessarily imply an unimportant effect (Chin et al. 1998). Even a
“small interaction effect can be meaningful under extreme moderating conditions"
(Chin et al. 2003, p. 211). Table 14 indicates the results of the moderating effect of
environmental dynamism on the relationship between reconfiguring/redeploying
and competitive advantage. Based on the hierarchical difference test, the interaction
effect was found to have an effect size f of 0.077, between small and medium-size,
indicating a meaningful effect (Chin et al. 2003). Thus, the model in which
environmental dynamism is proposed to moderate the link between
reconfiguring/redeploying and competitive advantage possesses a significantly
higher explanatory power than the baseline model. Therefore, hypothesis H8 is
supported.
Slope analysis was also performed to understand the effect. Figure 7 below
shows that at a higher level of environmental dynamism (green line), the
relationship between reconfiguring/redeploying and competitive advantage is
enhanced or strengthened but at a lower rate than when environmental dynamism is
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lower (blue line). Moreover, at extremely high environmental dynamism levels, the
effect is reversed, and competitive advantage is impacted negatively and begins to
drop even further.
Table 14: Moderation Analysis Results
Indicator
RC/RD

Dependent

CA

R2 Main
Effect

R2 Interaction

0.439

0.477

Cohens f2
0.077

RC/RD - Reconfiguring/Redeploying, CA- Competitive Advantage
**P-value < .05, ***P-value < 0.001

Figure 7. Moderation Effect of Environmental Dynamism
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Effect
Size
Small to
Medium

Goodness-of-Fit
Goodness-of-Fit is applied as an index for the complete model fit to verify
that the model sufficiently explains the empirical data. The goodness of the model
is determined by each structural path's strength denoted by the R2 value for the
dependent variable, with the value for R2 being greater than or equal to 0.1 (Falk &
Miller, 1992). The results in Table 12 show that except for Restructuring's
relationships, all other R2 values are over 0.1. Therefore, the predictive capability
of the model is established. Q 2 greater than 0 further establishes the model’s
predictive relevance. The results demonstrate that there is significance in the
prediction of the constructs (see Table 12).
Further, the model fit was assessed using Standardized Root Mean Square
Residual (SRMR). The SRMR is an absolute measure of fit and is defined as the
standardized difference between the observed correlation and the predicted
correlation. It is a positively biased measure, and that bias is greater for small N
and low degree of freedom studies. Because the SRMR is an absolute measure of
fit, a value of zero indicates a perfect fit (Henseler et al., 2014). The SRMR has no
penalty for model complexity and is a goodness of fit measure for PLS-SEM that
can be used to avoid model misspecification. A value less than .10 or .08 (in a more
conservative version) is generally considered a good fit (Hu & Bentler, 1999). The
value of SRMR for the saturated model is 0.051, while the SRMR for the estimated
model is .084. The saturated model assesses the correlation between all constructs.
120

In contrast, the estimated model is based on a total effect scheme and takes
the model structure into account - it is a more restricted version of the fit measure.
The PLS literature is vague on choosing between the two. However, both the values
are below the recommended .10, indicating an acceptable /good model fit (Hair et
al., 2016).
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Chapter 5 - Discussion, Implications, and
Recommendations
Discussion
The research questions guiding this research were 1) how the DMCs
reflected in TMT cognition, human capital, and social capital affect second-order
dynamic capabilities manifested in BDA orchestration processes of restructuring
and reconfiguring/redeploying, and 2) how those processes activate competitive
advantage. Using Upper Echelons Theory, Dynamic Managerial Capabilities
(DMC), and Resource Orchestration Framework, this study conceptualized and
tested the relationship between the DMCs reflected in TMT cognition, human and
social capital, and the BDA orchestration processes of restructuring and
reconfiguring/redeploying. It also examined the impact of
reconfiguring/redeploying as a full mediator of the relationship between
restructuring and competitive advantage. Cognition, conceptualized as shared prior
professional experiences, refers to individual managers' capacity to perform mental
activities. The results showed a small, positive but significant impact of cognition
on restructuring. BDA is a relatively new investment area for most companies;
common mental models would enable the TMT to collectively restructure
investments more effectively. Thus, the TMT’s collective cognition leads to their
ability to make quick and unified decisions on the right set of investments in BDA
experimentation and prototyping. Similarly, TMT social capital conceptualized as
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strong common experiences, social ties, and tenure overlap within the firm and
industry shows a significant, positive impact on restructuring.
Strong TMT social capital contributes to team cohesion, and it is no surprise
that it leads to better restructuring efforts. However, contrary to expectations, the
impact of social capital on reconfiguring/redeploying was not significant.
Reconfiguring/redeploying is all about utilizing the experiments' learnings to
design and deploy new second-order BDA capabilities across the firm to seek a
competitive advantage. One explanation for this could be that the reconfiguration
and redeployment, which lies in the realm of actual implementation, is tackled at
lower levels of management while the TMT social capital may be expended to
coordinate efforts with middle and lower levels of management – i.e., intraorganizational social capital and thus may only have an indirect impact on
reconfiguring/redeploying efforts. Previous research has shown that while top
managers set direction by providing a vision, paving the way for investments by
creating a plan of action, middle management implements the strategy (Floyd &
Lane, 2000; Sirmon et al., 2011). This study focused on TMT social capital rather
than lower managerial level social capital, potentially explaining the lack of
significance. Future studies will need to elaborate and empirically test this
assumption.
TMT human capital was conceptualized as the knowledge and skills
repertoire of the TMT shaped by their educational background. Surprisingly, TMT
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human capital was not found to impact restructuring significantly, while it did have
a significant positive impact on reconfiguring/redeploying. The literature has
generally been equivocal regarding relationships between education level and
performance, which have shown mixed results (Almus & Nerlinger, 1999; Helfat &
Martin, 2015; Schoonhoven et al., 1990). One explanation for the insignificant
effect of TMT human capital on restructuring could be that the competence of a
manager gained from a higher educational background and level could perhaps play
a negative role due to a complacency and competency trap by excessive reliance on
familiar routines preventing the recognizing of the potential of unfamiliar
opportunities (Levitt & March,1988). Also, experimentation could emanate from
the localized experiments of middle or operational managers (Floyd & Lane, 2000).
This makes it quite likely that, in the case of BDA, TMT human capital would be
more relevant when translating the learnings from experiments to configuring
congruent bundles of capabilities in preparation for firm-wide deployment. Thus,
the positive effects of human capital on reconfiguring/redeploying are derived from
high TMT knowledge levels that lead them to use learnings to pioneer new
capability configurations (Janssen et al., 2017; Mikalef & Krogstie, 2020).
Although this study examined each managerial resources' effect separately,
it is also noteworthy that these three underpinnings of DMCs are related and cannot
be isolated easily. For instance, there are aspects of knowledge (human capital) that
also reflect cognition. Similarly, past shared experiences, while a source of
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cognition, could also contribute to social capital. Therefore, to draw firm
conclusions, the managerial resources of cognition, human and social capital
should be examined together and holistically rather than as separate variables in
future research.
Consistent with the literature, BDA orchestration was conceptualized as
consisting of two processes, restructuring and reconfiguring/redeploying.
Restructuring involves the search and selection of the right types of BDA
opportunities for experimentation and rapid prototyping. It is a necessary precursor
to reconfiguring new capabilities through the mobilization, coordination of
cospecialized assets, and deployment of the reconfigured capabilities. As such, fit
among these processes is key to facilitate the creation of competitive advantage.
(Sirmon et al., 2011). This study hypothesized a positive impact of restructuring on
reconfiguring/redeploying, and the results did show a significant positive impact on
reconfiguring/redeploying. The effects of DMCs and restructuring predicted 54.7%
of the variance in reconfiguring/redeploying. In keeping with the literature,
reconfiguring/redeploying had a significant positive impact on competitive
advantage and predicted 47.4% of the variance.
Moreover, the results clearly showed that reconfiguring/redeploying fully
mediated the effect of restructuring on competitive advantage. In other words,
restructuring without reconfiguring/redeploying will not result in a competitive
advantage. Finally, as expected, environmental dynamism was shown to positively
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moderate the relationship between reconfiguring/redeploying and competitive
advantage. The analysis supported environmental dynamism as enhancing the
synergy between reconfiguring/redeploying and competitive advantage, but with
diminishing returns and a negative effect at very high environmental dynamism
levels. In other words, while reconfiguring/redeploying has a greater impact on
competitive advantage in more dynamic environments, when the environment is
highly dynamic or disruptive, the positive relationship between
reconfiguring/redeploying and competitive advantage reverses. The results
resemble a study that showed a nonlinear u-shaped moderation at very high
dynamism levels between dynamic capabilities and competitive advantage,
implying that competitive advantage is strongest at intermediate levels of
dynamism (Schilke, 2013). Among other things, this study controlled for the
presence of a Chief Data Officer (CDO) in a company and its impact on resource
orchestration, with results showing a significant positive impact on
reconfiguring/redeploying. Another recent study has also noted that a CDO's
presence led to improved firm profitability (Nie et al., 2019).

Implications for Research
This study makes a few contributions to the literature that is worth
mentioning. The first contribution lies in providing an integrated, holistic model of
how the TMT as orchestrators of strategy create a competitive advantage via BDA
by sensing opportunities to invest in, nurturing experimentation (restructuring), and
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then exploit those learnings to create and deploy net new capability configurations
(reconfiguring/redeploying). Secondly, since the introduction of DMCs in the
strategic literature almost two decades ago, many authors have examined the role of
DMCs on firm performance. However, this is probably the only study that looks at
DMC underpinnings in an integrated manner by discussing both the “who” and the
“how” of how firms realize competitive advantage. The results indicate that not all
managerial resources impact resource orchestration, and some are more important
than others. While cognition and social capital play a role in restructuring by
building TMT cohesion, it appears that higher levels of human capital have an
impact on improving the quality of configurations created and deployed. Thus,
previous and current relationships improve the ties among top management teams’
members and encourage the top team's cohesion.
This research also makes contributions to the BDA literature. First, while
the BDA literature has underscored the TMT's importance in successfully driving
BDA initiatives, this is probably the first study to empirically examine this aspect
(Park et al., 2017; Vidgen et al., 2017). Second, this study illustrates the exact
mechanisms via which companies can realize a competitive advantage from BDA.
Thus far, the history is replete in terms of explicating the resource-picking aspects
of a BDA capability but is largely silent on the activities that need to be put into
place to derive value from the capability (Mikalef et al., 2020). By defining how
managers restructure and reconfigure/redeploy BDA capabilities through
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experimentation and learning from those experiments, this research provides
insight into the activities that need to be enacted to derive business value. Third,
this research addressed a gap in the literature to provide a theory-based
understanding and guidance regarding the role of environmental dynamism in the
BDA-competitive advantage context.
This study also makes some contributions to the resource orchestration
literature. The finding that reconfiguring/redeploying fully mediates the
relationship between restructuring and competitive advantage is a net new
contribution. Lastly, whereas the relationship between orchestration and
competitive advantage was identified in the original framework and other
theoretical papers, this is the first time this effect has been demonstrated
empirically in a study that integrates TMT DMCs with the second-order dynamic
capabilities to explain their role in driving competitive advantage.

Implications for Practice
In terms of practical contributions, this research aims to provide insights
into the important role the TMT plays in nurturing and dynamically evolving a
fledgling BDA capability for better business outcomes. These insights can be
utilized to inform and improve TMT hiring decisions and team composition. It also
identifies the activities that yield competitive advantage when re-orchestrating
BDA. For practitioners, this study established that previous and current
associations amongst TMT members resulting in higher TMT cognition and social
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capital are important for restructuring BDA investments. It also highlights the role
TMT knowledge plays in reconfiguring/redeploying BDA capabilities. Companies
that assemble a TMT with the right set of collective values, experience, and
cohesion can experience considerable benefit from BDA. Practically speaking, the
results suggest that HR strategies that focus on bringing together TMT members
with significant exposure to each other may indeed lead to better BDA program
outcomes.
Perhaps the biggest contribution that this study makes from a practitioner’s
perspective is reiterating the importance of BDA experimentation and the
exploitation of the learnings from the experiments in reconfiguring and redeploying
new organizational capabilities. When the TMT can sense opportunities through
BDA insight and invest in these opportunities through experimentation and rapid
prototyping followed by the development and deployment of new capabilities
through reconfiguring/redeploying, it leads to a significant competitive advantage.
This study validates the TMT's role in investing in experimentation and
organization learning to quickly adapt their BDA capabilities to environmental
challenges.
As mentioned previously, many companies have struggled to rationalize
and realize business value from their BDA investments. By empirically
demonstrating the TMT's role in driving business value from these investments,
these findings help companies understand the importance of resource orchestration
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and the direct role the TMT plays in driving competitive advantage. Although used
as a control variable in this study, this research discovered a significant positive
relationship between the presence of a CDO and resource orchestration. This needs
to be further examined in future studies, but prima facie, it appears that hiring a
CDO may enable companies to be more effective orchestrators of BDA.

Limitations and Future Research
This research has some limitations that could limit its impact. It is important
to enumerate these limitations so that these can be addressed in future research.
Limitations have been broadly categorized and will be discussed in the following
paragraphs.

Methodology, Design, and Data
The study design was conceived as a multi-method approach that employed
two types of data sources. TMT managerial resource data was hand-collected and
assembled from multiple sources, while the BDA orchestration and dependent
variable were measured using a survey. Though adequate precautions were taken to
ensure data integrity, the use of perceptual data could introduce subjective biases
on the part of the respondents. The non-survey data also suffered from some
limitations. The non-survey data employed in this study, TMT member education
and their experience, was assembled manually from various sources, including
social media (Linkedin – which is self-reported) and other sites such as Bloomberg
instead of a single, authoritative database (no such database exists). Therefore, the
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data may have several quality challenges such as its currency, completeness, and
accuracy. In many instances, data was missing or conflicting, in which case a
judgment call had to be made as to the accuracy of the information. Although
significant efforts were expended in cross-validating the data across multiple
sources, the data's intrinsic quality could not be objectively verified. TMT
managerial capabilities' underpinnings and managerial cognition only used one
component, prior shared experience, as a proxy for shared mental models.
Similarly, only TMT knowledge was used as a proxy for human capital.
Future research should measure these issues using other components, such as
attention, perception, and problem solving, as proxies for managerial resources
(Helfat & Peteraf, 2014). Future studies may also consider other approaches for
measuring managerial resources, including using a survey instrument to collect this
data.
TMT is not tightly defined in the literature. It is best practice to consider the
TMT to be the officers listed in the Board section of the company's annual report
(Kor, 2003). However, in examining the data, the TMT size varied significantly
from company to company. Some companies employ public relations professionals
and corporate lobbyists in their top team with limited relevance to this study’s
context. These factors, even when controlled for, had the potential to distort the
findings of the study. Thus, it made sense to only consider the TMT members
involved in setting its business strategy as the study's relevant subjects. e.g., the
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chief executive officer, operations, finance, product, marketing, and technology
heads. Future studies will want to consider and remedy the inherent limitation of
this approach.
Competitive advantage (dependent variable) was gathered via a survey
instrument. A future study could consider using an objective measure of
competitive advantage. Another study limitation has to do with the employment of
a cross-sectional design. For causal inferences and studies that examine dynamic
capabilities, using the longitudinal design is a better approach and should be
considered an enhancement in future research (Pavlou & Sawy, 2011).
Limitations Due to the Effect of the Pandemic
A commonly acknowledged refrain in the survey research industry that any
change impacting large populations will impact response rates and possibly
change how people respond. This is because there is too much disruption to daily
life to get an accurate read. Respondents lose connectivity, and often response
rates are low. When faced with an unprecedented crisis such as the current global
pandemic that has upended the way Americans live, it is likely to impact survey
response rates or, worse, affect the quality of responses that could dilute the
findings' value.
The pilot study suffered from a poor response rate as this phase was
conducted during the height of the pandemic, and the sample gathering efforts
were self-directed towards professional contacts within Linkedin groups.
132

However, despite the extraordinary circumstances, the response rate received for
the final study was encouraging. Also, the risk of poor-quality responses is low as
the survey was administered by a reputed Market Research firm with a wellcurated database of middle management respondents with ostensibly deep
knowledge of BDA programs' state and outcomes within their organizations.
Finally, since most of the items are adapted from prior tested items in the
literature, the bias is considerably reduced.
However, when extrapolating the findings, the pandemic's extraordinary
circumstances and impact cannot be completely overlooked.
Sample Cohort and Size
The study would have benefitted from a larger sample size, as
acknowledged above. The PLS-SEM literature often employs the 10-times rule,
which recommends that the minimum sample size should be equal to the larger of
(1) 10 times the largest number of formative indicators used to measure one
construct or (2) 10 times the largest number of structural paths directed at a
particular latent construct in the structural model as a rule of thumb (Sarstedt et al.,
2017). Despite its wide acceptance, doubts have been raised about this rule of
thumb. Recently, the inverse square root and gamma-exponential methods are two
new approaches to determine the minimum sample size required for PLS-SEM path
models (Kock & Hadaya, 2018). If researchers do not know in advance the value of
the path coefficient with the minimum absolute magnitude, the minimum sample
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size required would be 160 based on the inverse square root. However, if
researchers use the gamma exponential method, the sample size would be 146.
Other sample size guidelines for SEM suggest that a sample of 100 is small, a
sample of 100 to 200 is medium, and a sample over 200 is considered large (Kline,
2005; Kline, 2015). Per these recommendations, this study's sample size could be
considered adequate, albeit on the smaller side. Part of the challenge was reaching
the right audience during a pandemic. Despite a large outreach effort, only a small
sample size was obtainable due to the need for sample respondents' to disclose their
company's name for TMT data gathering purposes. Many panel providers treat
company name as akin to personally identifiable information (PII). Although no
other personal information was collected, many otherwise viable responses had to
be discarded due to missing company names. Finally, the study population focused
on mostly large public companies in the U.S. and Canada to ease TMT data
collection. Therefore, the generalizability of the results across other geographies,
company size, or ownership mode is a concern.
Other Limitations and Opportunities for Future Research
The literature has noted considerable overlap in the managerial resources
that underpin DMCs (Adner & Helfat, 2003). For example, past shared experiences
could contribute to both cognition and social capital. Future research is required to
draw firm conclusions about the effect of these resources on resource orchestration.
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Some of the hypotheses related to social and human capital were not
supported. One of the control variables, the presence of a Chief Data Officer
(CDO), had a significant positive effect on reconfiguring/redeploying. As a
business leader, a CDO is responsible for creating and executing data and analytics
strategies in organizations by identifying new business opportunities for BDA to
generate business value effectively. Future empirical studies that look at the effects
of CDO demography, competencies, and positioning on firm outcomes for BDA
could help guide organizations in their analytics journeys.
Finally, Sirmon and other researchers have clarified the role of managerial
interaction at various levels that could affect resource orchestration. While this
study focused on the TMT role as vital to setting a vision and championing BDA
innovation (i.e., top-down strategy making), BDA strategy could likely be
advanced from the middle-management level or bi-directionally (Sirmon et al.,
2011). Future studies should study the impact of intra-level managerial resources
and their impact on resource orchestration.

Conclusion
This research's motivation was a desire to understand some of the factors
that enable firms to strategically utilize their big data assets to drive favorable
business outcomes. The nexus between BDA and business value is still not very
well understood, and there is an imminent need for more research in the area. In a
highly digitized world, businesses are investing heavily in BDA as they know that
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it is paramount for today’s innovation and tomorrow’s business success. However,
how effective these firms are is heavily dependent on the company's caliber of
analytics leadership. Since the executive team largely defines a company’s
trajectory, this research employed a top-down perspective to clarify the TMT's role
in establishing a vision and strategy for unleashing the true value potential of BDA.
If the findings in this research study propel further empirical and theoretical
validation, firms will have a benchmark and compass to point them towards the
right path in their analytics journey. BDA is a nascent yet evolving field where
there are significantly more questions than answers. This study attempts to add
insights and knowledge that hopefully serve as a foundation for future research.
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Appendix
Appendix 1 – Definition of Terms
Asset Orchestration: Asset orchestration, derived from the research on dynamic
capabilities, consists of two primary dimensions—search/selection and
configuration/deployment (Helfat et al., 2007).
Big Data: The term is often used to describe massive, complex, and real-time
streaming data that require sophisticated management, analytical, and processing
techniques to extract insights (Beyer & Laney as cited in Mikalef et al., 2020).
Big Data Analytics: a means to analyze and interpret any kind of digital
information. Technical and analytical advancements in BDA, which—in large part
determine the functional scope of today’s digital products and services, are crucial
for the development of sophisticated artificial intelligence, cognitive computing
capabilities, and business intelligence (Loebbecke & Picot, 2015).
Big Data Analytics Capability: Big data analytics capability is defined as the ability
to acquire, store, process, and analyze large amount of data in various forms, and
deliver meaningful information to users that allows them to discover business
values and insights in a timely fashion (Watson, 2014).
Business Analytics: the extensive use of data, statistical and quantitative analysis,
explanatory and predictive models, and fact-based management to drive decisions
and actions (Davenport & Harris, 2007).
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Business Intelligence: Business Intelligence is a set of methodologies, processes,
architectures, and technologies that transform raw data into meaningful and useful
information used to enable more effective strategic, tactical, and operational
insights and decision-making (Forrester, n.d.).
Dynamic Capabilities: The firm’s ability to integrate, build, and reconfigure
internal and external competencies to address rapidly changing environments
(Teece et al., 1997).
Dynamic Managerial Capabilities: Dynamic managerial capabilities are a form of
dynamic capabilities. They are concerned with the role of managers in refreshing
and transforming the resource base of the firm so that it maintains and develops its
competitive advantage and performance (Ambrosini & Altinas, 2019).
Ordinary (Operational Capabilities): Ordinary capabilities underpin the production
and sale of a defined set of products and services in the company’s current
environment, such as efficient manufacturing, effective marketing, strong
partnerships, and capable operational leadership (Schoemaker et al., 2018).
Resource Management: the comprehensive process of structuring, bundling, and
leveraging the firm’s resources to create value for customers and competitive
advantages for the firm. (Sirmon et al., 2007).
Resource Orchestration: Resource orchestration draws upon both resource
management
and asset orchestration and focuses on how managers affect a resource-based
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competitive advantage (Sirmon et al., 2011).
Resource-based View: The resource-based view indicates that the potential for
competitive advantage exists when a firm controls resources that are valuable and
rare; that advantage is sustainable when those resources are also costly to imitate
and lack substitutes (Barney, 1991).
Top management Team: Executive managers who hold executive powers delegated
to them with and by the authority of a board of directors and/or the shareholders.
VRIO: VRIO is an initialism for the four question framework asked about a
resource or capability to determine its competitive potential: the question of Value,
the question of Rarity, the question of Imitability (Ease/Difficulty to Imitate), and
the question of Organization (ability to exploit the resource or capability) ("Vrio,"
2005)
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Appendix 2 – TMT Managerial Resources

Construct
TMT
Cognition

Operationalization (Adapted from Caro, 2018)
A. Analytics / MIS experience
- Mean years in quantitative educational qualifications within the TMT
B. CDO / CDAO in TMT
- absence or presence of this role in the firm
C. Shared prior experience (overlap in human capital and social capital) (Zheng, 2012).
-

TMT
Human
Capital

A.

Pre-tenure overlap in prior companies using the sum of minimum overlap for each TMT
member pair divided by the sum of all pairs
mean number of companies where TMT has worked together
mean years of experience in companies where TMT has worked together

Knowledge:

- Level of knowledge (1 = no higher/university studies; 2 = higher/university studies, such as
bachelor’s degree; 3 = master’s degree or similar; 4 = PhD)
- proportion of members of a TMT with a master’s degree or PhD studies
B. Professional experience: depth and breadth (Haynes and Hillman, 2010).
B1. Depth of experience
- Depth of experience in the same firm: mean of years worked in the same firm
- Depth of experience in the same corporate group: mean of years worked in the corporate group
- Depth of experience in the same industry: mean of years worked in the same industry
- Depth of experience in the other industry: mean of years worked in other industries
- Depth of general experience: mean of all years worked overall
B2. Breadth of experience
-Breadth of experience in the same firm: mean of companies worked in the same firm
- Breadth of experience in the same corporate group: mean of companies worked in the corporate
group
- Breadth of experience in the same industry: mean of companies worked in the same industry
- Breadth of experience in the other industry: mean of companies worked in other industries
- Breadth of general experience: mean of all companies worked overall
C. Heterogeneity (measured by using the Herfindel-Hirschman Index)
C.1 Heterogeneity of educational level (1 = no higher/university studies; 2 = higher/university
studies, such as bachelor’s degree; 3 = master’s degree or similar; 4 = PhD).
C.2 Heterogeneity of educational background (Hambrick, Cho, and Chen, 1996): 8 (1 =
engineering, 2 = science, 3 = business administration, 4 = economics, 5 = liberal arts, 6 = law, 7 =
accounting and finance, 8 = other).
C.3 Heterogeneity of functional background (Hambrick, Cho, and Chen, 1996) 16 (1 = CEO
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(chief executive officer), 2 = COO (chief operations officer), 3 = finance/treasurer, 4 = planning, 5
= personnel, 6 = public affairs, 7 = general counsel 8 = operations/field service, 9 =
marketing/sales/customer service, 10 = information systems, 11 = international, 12 =
maintenance/field
service, 13 = general management, 14 = other corporate staff, 15 = Accounting/controller, 16 =
other).
C.4 Heterogeneity of firm tenure - measured as the standard deviation of
firm tenure divided by the average level of firm tenure in the team (Finkelstein and Hambrick, 1996;
Kor, 2003).
TMT
Social
Capital

A. Internal social capital: tenure overlap is worked out using a set formula published in the extant
literature (Barkema and Shvyrkov, 2007; Tian, Haleblian, and Rajagopalan, 2011; Caro, 2018)
- TMT’s co-working experience in the same company or corporate group – mean overlap in TMT’s
overlapping tenures
B. External social capital is measured by interlocks, which are directorships of other companies
- mean interlocks in other companies
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Appendix 3 – Survey Instrument
Q uestions

(Adapted from Alexander, 2018)

Q0

Welcome to the Survey on The Role of Top Management Team in Driving Competitive
Advantage through Big Data Analytics by Su Rayburn, a data analytics professional with 20 years
of experience and a Doctor of Business Administration student at Florida Institute of Technology.
You have been chosen to participate in this study because of your experience in big data analytics
(BDA) and your understanding of how big data initiatives are carried out in your organization.
Participation in this study is purely voluntary. The purpose of this research is to contribute to the
body of knowledge by understanding the factors that contribute to the success of big data analytics
initiatives within organizations, specifically the role of top management.You will be asked a seri es
of questions about your organization and its big data analytics initiatives and practices. Big data
analytics is defined as a new generation of technologies and architectures designed to
economically extract value from huge volumes of a wide variety of data by enabling high-velocity
capture, discovery, and analysis. The survey should take about 5 minutes to complete. The survey
can be taken on a desktop, laptop, tablet, or mobile device. It is recommended that you complete
the survey in one sitting. The results of this study may be useful for entrepreneurs, practitioners,
and academics.This research poses no known risks, harms, or discomforts caused beyond those
normally encountered in one’s daily life. You may stop your participation at any time. All dat a
obtained from you will be kept confidential and will only be reported in an aggregated format (by
reporting only combined results and never reporting individual ones). All survey responses will be
concealed, and no one other than the Researcher listed below will have access to them.
Participation in this research by you or anyone associated with an email address you share in this
study is completely voluntary. Both you and they have the right to withdraw at any time or refuse
to participate entirely without any negative consequence. Such withdrawal will not affect any
current or future relations you or they may have with the University. If you desire to withdraw,
please close your internet browser. Please select continue to participate

Continue (1)
I do not wish to participate (2)
Q1

Which of the following best represents your organization's Primary Industry?
Service (1)
Manufacturing (2)
Retail (3)
Financial (4)
Healthcare (5)
Technology (6)
Other (7)

Q2

What is your organization's Employee Headcount?
< 100 (1)
101 - 1,000 (2)
1,001 - 10,000 (3)
10,001 - 50,000 (4)
> 50,000 (5)
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Q3

What is your organization's Annual Revenue in USD? (Filter question)
< 500M (1)
500M – 1B (2)
1B – 5B (3)
> 5B (4)

Q4

Where does your organization primarily operate? (Filter question)
United States (1)
Canada (2)
Other/Specify (3)

Q5

Do you work for a publicly traded organization? (Filter question)
Yes (1)
No (2)
Unsure (3)

Q6

Are you a manager who can respond knowledgeably about your company's Big Data Analytics
program? (filter question)
Yes (1)
No (2)

Q7

Roughly, how long has your organization been running big data analytics initiatives? (filter
question)
Less than 2 years (1)
2 to 5 years (2)
5 to 10 years (3)
More than 10 years (4)

Q8

Does your company have a Chief Data Officer or a Chief Analytics Officer?
Yes (1)
No (2)

Q9

Would you consider your organization's big data analytics initiatives centralized or decentralized?
Decentralized (1)
Centralized (2)
Not Sure (3)

Q10

Is your organization's big data analytics and such digital initiatives led by data/technology groups
or business/domain groups?
Data/Technology Led (1)
Business/Domain Led (2)
Both (3)
Neither (4)

Q11

Would you consider your organization's big data analytics, a success?
Not Successful (1)
Somewhat Successful (2)
Very Successful (3)
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Q12

Construct

Adapted

Items

From
Select the measurement that best reflects your sentiment for each item : 1 (Never) to 5 (All of the time)

Proposal
(Used for
Pilot)

Pavlou & El Sawy, 2011

Management frequently uses
BDA insights to scan and
identify new customer and
market opportunities or
threats

Pavlou & El Sawy, 2011

Management has good
practices/procedures for
identifying and acquiring
new BDA resources to
enhance organizational
capabilities

Pavlou & El Sawy, 2011

Management promotes
experimenting with BDA for
learnings that translate into
new products and services or
processes.

Feinzig & Guenole, 2020

Management has instituted
good programs such as data
governance to ensure proper
architecture, and data
stewardship to support
analytics at scale

BDA Restructuring

Management frequently uses
BDA to scan and identify
new market opportunities.

Final
Study

BDA Restructuring

Pavlou & El Sawy, 2011

Management reviews the
insights from BDA to
understand changes in
customer needs.
Management reviews BDA
ideas to ensure they are in
line with customer needs.
*Management invests in
BDA experiments to create
new or improve existing
products, or processes.

Q13. Select the measurement that best reflects your sentiment for each item: 1 (Strongly Disagree) to 5 (Strongly
Agree)
Pavlou & El Sawy, 2011

Management is effective at
utilizing the knowledge
gained from experimentation
to design bundles of BDA
capability configurations to
create new or enhance
products/services

Botts, 2017

Management is adept at
formulating a plan for firmwide integration of BDA
capability configurations.

Botts, 2017

Management has good
practices for mobilizing
appropriate managerial
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resources to support BDA
reconfiguration.

Proposal
(Used for
Pilot)

BDA
Reconfiguring/Redeploying

Botts, 2017

Management has good
change management
processes to communicate
and mobilizes firm support
for BDA innovation by
creating a shared
understanding and collective
sense-making.

Liu et al., 2018

Management ensures we
have a good firm-wide
alignment and deployment
approach to exploit business
value from BDA capability
configurations (adapted from
Liu et al., 2018).

Pavlou & El Sawy, 2011

Management has effective
processes and activities for
orchestrating the firm-wide
coordination of BDA
configuration deployment.

Liu et al., 2018

Management has good
practices to integrate and
physically deploy BDA
capability configurations
(adapted from Liu et al.,
2018).

Liu et al., 2018

Management has good
practices for firm-wide BDA
knowledge dissemination
and diffusion (adapted from
Liu et al., 2018).

*Management has effective
routines to identify and
extract the new learnings
from BDA experiments.

Final
Study

BDA
Reconfiguring/Redeploying

Pavlou & El Sawy, 2011

*Management has effective
processes to assimilate new
knowledge from BDA
experiments.
*Management is effective at
integrating the new learnings
from BDA experiments into
existing knowledge.
Management is effective at
utilizing the knowledge
gained from BDA
experiments to create new
BDA capabilities
Management is effective at
developing new knowledge
from BDA experiments that
has the potential to influence
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new products or services for
customers.
*Management allocates and
mobilizes the appropriate
managerial and other
organizational resources to
deploy BDA capabilities.
Management ensures good
firm-wide alignment and
synchronization while
deploying BDA capabilities.
Management assigns the
deployment of BDA
capabilities to teams with the
right knowledge and skills.
Management ensures there is
compatibility between team
expertise and BDS
implementation.
Overall, our management
ensures good coordination
across the organization while
deploying BDA capabilities
Q15. Select the measurement that best reflects your sentiment for each item: 1 (Strongly Disagree) to 5 (Strongly
Agree)
*Product or service in our
industry updates quickly

Environmental Dynamism

Wang et al., 2007

The acts of competitors are
difficult to predict
*The technology in our
industry progresses quickly
To predict the change in
customer needs is difficult

Q16. Relative to your competitors, how has your company performed for the following three areas (much worse
(1); much better (9)):
Sales growth — relative to
your major competitors
Competitive Advantage

Peters et al., 2016

Market share — relative to
your major competitors
Profitability — relative to
your major competitors
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Appendix 4 – Miscellaneous
Ethical Considerations
The primary ethical consideration is to ensure subject anonymity. All data
collected from the survey was anonymous. This research study did not require
prior Florida Institute of Technology Institutional Review Board (IRB) approval
based on the topic and the type of data being collected.
Researcher Positionality
England (1994) discusses research as a process, as well as a product.
Bourke (2014) discusses researcher positionality, specifically researcher
personality and an insider or outsider status, in the context of researcher reflection
and acknowledging potential bias. In this light, it is important to acknowledge the
researcher as an active BDA practitioner insider (Bourke, 2014) and senior leader
in the data and analytics area with significant experience in various industries and
firm sizes. The researcher maintains an active BDA practice and actively consults
with well-known organizations in the space, and conducts applied research in
areas that include BDA coaching, learning, and BDA resource orchestration
processes. The researcher acknowledges that being a subject matter expert is an
advantage but can also be a source of bias and must be acknowledged. Bias is
possible given previous practitioner experiences and consulting. The researcher
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will endeavor to utilize extensive literature review and work closely with
dissertation committee members to mitigate potential recognized areas of bias and
conduct research objectively.
Validity and Trustworthiness
A pilot study to test the survey questionnaire's validity and reliability were
conducted to ensure validity, reliability, and fit for all constructs. Constructs for
TMT managerial resources were borrowed from the extant literature.
Assumptions and Boundary Conditions
The below assumptions and boundary conditions allow proper framing for
possible generalization, potential future research suggestions, and applied
application potential. It is important to discuss key assumptions related to this
research. Of importance are the underlying assumptions related to the overarching
theories.
Assumptions
Hambrick & Mason’s (1984) upper echelons, the resource orchestration
framework, and dynamic managerial capabilities (Adner & Helfat, 2003) theories
offer a linear theoretical foundation for the study. The upper echelons theory
assumes that the TMT, through their decision-making processes, determines
strategic choices, affecting firm outcomes (Hambrick & Mason, 1984). Thus, the
fundamental premise is that TMT characteristics and cohesion determine
organizational outcomes and stand directly in contrast to population ecology and
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institutional perspectives (Patzelt et al., 2008). Another fundamental assumption
at the heart of this research is that the firm already possesses some level of BDA
capabilities and that the managerial capabilities of its TMT enable it to derive
higher business value by rapidly adapting its strategy that is especially valuable
in a dynamic environment (Mikalef, 2020; Teece, 2018). The manager's role is
assumed in the current BDA scholarly literature, and there are no studies that shed
light on the managerial characteristics and competencies needed to ensure optimal
organizational outcomes from BDA. Although BDA is more than its technology
components, if we were to construe BDA as the latest technological innovation,
the IT literature has firmly established that it is not IT that provides the value.
Rather, business gains a comparative advantage when IT capabilities are
combined with organizational resources and capabilities (Barua et al., 1995). One
of those factors is the TMT support and leadership (López-Munoz & EscribáEsteve, 2017). The research uses a synthesis of upper echelons theory, DMCs,
and the resource orchestration frameworks and literature to hypothesize how top
managers construct and deploy their BDA assets to structure, configure and
deploy BDA and other cospecialized organizational capabilities to drive
competitive advantage. The study also theorizes that the more dynamic the
external environment and the better the quality of underlying BDA capability
resources, the more likely top managers can drive competitive advantage.
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Boundary Conditions
While theories respond to the “what,” “how,” and “why” questions
(Dubin, 1989; Whetten, 1989), especially in causal model research, boundary
conditions refer to the “who,” “where,” and “when” aspects of theory and help
describe the generalizability of a theory. Thus, Boundary conditions limit the
theory's generalizability and define the range of the theory (Whetten, 1989).
Moderating influences are the most established forms of exploring boundary
conditions (Busse et al., 2015). Critical evaluation of boundary conditions is
highly recommended for research scholars for the following reasons. 1) the theory
can be developed further 2) It supports the validity of organizational research, and
finally, 3) contributes to contribute to the research-practice gap (Shapiro et al.,
2007; Busse et al., 2015).
The boundary conditions for this study included the role of other managers
besides the top level and the interaction between managerial resources at all levels
of the organization and their role vis-à-vis competitive advantage. If the top
management team defines the organizational strategy, the middle and lower
managers are responsible for implementing the strategy, which requires
coordination and integration at all levels of the organization that cannot be
mandated (Hännikäinen, 2018). The organizational structure and the role of
intangible resources such as organizational culture are also important boundary
conditions for this research.
195

